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Abstract

This report describes an Al system that learns electronics concepts from the content of training materials similar to those used in
military training in practical electronics. The system is given a series of circuits to learn about; each is described with a circuit
diagram and a text expressed in propositional form that explains how the circuit accomplishes a specific function. The system
uses a naturalistic domain theory to verify the claims made in the text, and then uses explanation-based learning techniques to
generalize the explanation and construct a schema for the circuit that can be used to understand later circuits that include the
schematic circuits as subcircuits. The system successfully understands later circuits in terms of the schematic ones, and shows
savings in some measures of processing as well, and has implications for the design of technical instructional material. Certain
important shortcomings of explanation-based learning and schema concepts become clear with this work and are discussed in
some detail.
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Chapter 1

Introduction

One of the chief obstacles to the development of intelligent systems is the knowledge acquisition bottleneck. The most
common approach to capturing knowledge has been knowledge engineering, in which a programmer codes the knowledge he
elicits from a domain expert. Another possible source of knowledge is text. In this research I investigate the feasibility of
automated knowledge acquisition from text in a typical technical domain, namely practical electronics.

Work in qualitative reasoning has made considerable progress toward developing robust domain theories to support
common sense reasoning in he domains typically treated by technical materials, most notably electronics (DeKleer, 1984;
Kuipers, 1984). Furthermore, technical prose often presents major concepts by means of explanations and work in machine
learning has lead to development of a technique for acquiring a concept from an explanation, namely Explanation-Based
Learning (EEL) (DeJong & Mooney, 1986; Mitchell et al. 1986). Taking advantage of these recent advances, I have built a

system that learns circuit concepts from explanatory text in the domain of practical electronics.

My approach has been to treat each explanation, which I represent with a sequence of Prolog clauses, as an incomplete proof
which describes the operation of a particular circuit. Machine comprehension of this explanation requires completing the proof
by matching textual claims about circuit behavior against a simulation of the circuit supported by an electronics domain theory.
The completed proof is generalized using EBL and yields two associated concepts, one describing the circuit's structure and the
other its behavior. Later when the learned circuit is found embedded as part of a more complex device, use of the new concepts
to predict its behavior through use of a single rule should reduce the problem solving effort required to analyze the new circuit.

Ironically EBL has not been applied to the processing of written explanations. Construction of the explanation is the
computationally most expensive part of any EBL system. An explanatory text is not the same as the complete causal structure
required by EBL, but it can be thought of as an outline of that structure. Filling in the outline is surely a simpler process than
creating it. We would therefore expect that EBL systems based on explanatory text would have a decisive computational
advantage over systems that are essentially left on their own during problem solving. Explanatory text also identifies goal
concepts for the learner. Whenever a passage is devoted to explaining the workings of some new system, the learner can infer
that the device is an important category which should be learned.

I have chosen practical electronics pedagogy as the domain for this project since electronics instruction is often organized
around a well established set of high-level concepts corresponding to commonly encountered circuits. These are the concepts
which are developed through explanation typically a short passage describing how a circuit works. Most electroric equipment is
at least partly a composition of these common subeircuits and can be analyzed in terms of them. Thus every standard radio has
an oscillator, a detector, and stages of amplification, and an understanding of these components makes discussion of a complete
radio much simpler. There is considerable agreement across electronics manuals and textbooks as to what the most important
common substructures are. This extends to agreement on names and preferred ways of drawing diagrams of them. These
common subcircuits are what I will call conventional schemas or schemas for short.

I hypothesize that it is the schemas that organize what can be usefully learned and transferred from one electronics reading
to the next. To test this hypothesis and the suitability of EBL to acquiring schemas, I have implemented an automated
reader/learner as a Prolog program and applied it to an integrated set of instructional readings that introduces seven simple
electronic circuits. The program consists of two major parts, the comprehender and the learner. The comprehender module
captures aspects of the reading task, producing complete explanations from incomplete textual ones which I have manually
translated into Prolog clauses. The domain theory which supports the construction of proofs from explanations is largely
determined by the attempt to model the common sense intuitions of the typical beginning student of electronics. The learner
module is a domain-independent implementation of the EBL technique. It extracts new rules from the complete explanations and
makes them available to the comprehender for use in processing later readings.

With this model, I have been able to conduct a machine experiment. The experiment has two conditions: the learning
mechanism is enabled in one of them, but not in the other. In the learning condition, the system acquired rules describing the
structure and behavior of seven circuits analyzed in a set of instructional readings. It then successfully applied these rules in the
course of understanding readings about more complex circuits, suggesting the basic feasibility of automated reading in technical
domains. The performance of the system in reading the passages shows considerable improvements in the learning condition,
suggesting the basic feasibility of automated reading in technical domains.
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In the course of the project, it has become clear how greatly the benefits of EBL depend on the particular computational
assumptions of the implementation. The benefits of EBL are clearest when resources are measured according to the number of
production rule cycles initiated during simulation of the circuit. This metric implies that any number of rules can be fired in
constant time, but is reasonable for architectures which support parallel processing. On the other hand, in some instances use of
EBL was detrimental in terms of CPU times, because the current implementation is neither parallel nor optimized for pattern
matching.

The project has revealed some limitations of EBL. The most important concerns its usefulness in forming rules for more
complex circuits. While the technique was successfully applied to an interesting set of D.C. devices, it was not possible to use
EBL to capture the behavior of some A.C. circuits. In the case of the D.C. devices, it was always possible to derive the behavior
of the complete circuit by composing the behavior of its subcircuits, since the latter remained highly local, even when they were
combined in complex ways. By contrast, some A.C. circuits are quite sensitive to the way in which they are combined with other
components; the behavior of such circuits often cannot be predicted locally. A single rule generated from analysis of such a
circuit in isolation often cannot predict its behavior in combination with other circuits. Apparently, however, studying these
circuits in isolation does allow people to reason more easily about composite devices, and so it is interesting to see the difficulties
which prevent this sort of transfer from being captured by straightforward application of EBL.

Aside from the prospect of automated knowledge acquisition, I have also been interested in how this system might be used
to ease the difficult task of designing effective instructional prose. To the extent this system can model how people learn from
text. it can also be used to validate the design of a piece of instructional text, quantifying the benefit of the concepts used to
organize the material and identifying flaws in their development through the texL The current system is especially suited to
tracking the coherence of the explanations and subsequent use of principles derived from those explanations. If the machine
cannot derive a useful principle from a given explanation, it may be that the typical human learner will also have difficulties.

Chapter by Chapter Overview

In Chapter 2, I discuss EBL In Chapter 3, 1 describe the explanatory texts on which the project is based and characterize
their structure. In Chapter 4, 1 describe the implementation of the reader/learner., including a domain theory for practical
electronics. In Chapter 5, 1 analyze the performance of the reader/learner in a machine experiment based on the explanatory
texts, while in Chapter 6, 1 discuss several difficulties encountered while developing the system. Finally, in Chapter 7, 1 present
my conclusions from this research.
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Chapter 2

Review of Explanation-Based Learning

In this work, I have adopted EBL as a model for learning from textual explanations. This approach to machine learning is
quite recent and is being actively investigated by a number of researchers. My own approach is largely based on the
formalization given by Tom Mitchell, as discussed in Section 2.1, while also incorporating various extensions suggested by
Gerald Delong, which I present in Section 2.2. EBL uses a problem solver and a powerful domain theory to acquire a new rule
from an analysis of a single training example. Essentially, the EBL method works as follows: the problem solver and the
domain theory are used to produce a proof tree for some proposition typically called the goal concept. The data used in the
proof. i.e. the leaves of the proof tree, are a subset of the training example. A mechanism outside of EBL identifies both goal
concept and the training example. Since the proof tree was constructed through search, it represents potentially valuable problem
solving experience. To capture this experience a new rule is derived from the proof tree and made available for future problem
solving. When this new rule fires successfully, it will recreate some or all of the proof without incurring the full cost of the
original problem solving.

The new rule is redundant with respect to some set of the old rules. Thus, in principle, the problem solving capabilities of
the system do not increase after learning, though the new rule may result in faster processing and therefore have the same effect
as addition of new control knowledge.

2.1 Mitchell's Approach to EBL

These concepts can be made more concrete by examining an example discussed by Mitchell. The example is based on
Winston's ANALOGY program (1983), which learned to visually recognize a class of objects given only a high-level functional
description of the class and representative members of it. Winston's program learned to recognize various kinds of drinking cups
in this way.

Mitchell's formalization identified four inputs to the EBL procedure. The first input, the goal concept is a high-level
functional description of the concept to be learned, i.e. the goal concept describes what it is that a cup ought to do in order for it
to be a cup. As a rough approximation a cup ought to be an open vessel which is stable and liftable. Because 't is given mostly
in functional terms (stable, liftable) and avoids getting bogged down in describing structures that might imple- ,rt these
functions, this definition is fairly easy to formulate. It succinctly specifies the entire set of cups. On the other hand, the goal
concept is no great help in actually spotting a cup just because it is so abstract and far removed from the sort of features that the
vision subsystem might detect. A camera and relatively standard vision algorithms may be able to identify spheres, toruses, and
cylinders in a given relation to each other, but spotting "liftable" as required by a high-level functional description may involve
expensive computation. The second input is the training example. This consists of an actual cup presented to the vision
subsystem which produc~s a description of it in terms of its lowest-level structural features. The third input is the domain theory.
The program can use the domain theory to prove that the sample cup is everything it ought to be, namely an open vessel that is
liftable and stable. The sample cup is shown to be an instance of the goal concept. The theory includes rules that allow the
deduction of abstract functional properties such as liftable from a combination of structural properties and less abstract functional
ones.

The fourth input is the operationality criterion. Many definitions of the goal concept are possible, but they meet the
operationality criterion only if they are computationally useful in performing some task. In the example we have been
developing, the task is to efficiently recognize cups. The example goal concept is not operational because using it for recognition
would not be efficient. The problem solving required to demonstrate that the observable structure of an instance satisfies the
functional requirements of the goal concept is too expensive. One plausible operationality criterion for the cup recognition
system is that the definition should consist exclusively of terms used in describing the training example and other "easily
evaluated predicates". Such a definition is guaranteed to classify cups based on data produced by the vision subsystem and a
minimum of computation.

In a sense, at the start of processing, an EBL program already has two very different starting points for learning about cups -
the goal concept and the training example. Since each of these is inadequate for the task of recognition, a third conceptualization
is derived from the interaction of the first two. The goal concept is a description of the whole class of relevant objects, but in
terms which are not easily manipulated by the recognizer. The training example is given exclusively in such terms and therefore
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is operational for the task of recognition, but describes only one member of a possibly infinite class. The EBL output will be a
third definition which is operational and applies to all instances of the goal concept that share the essential features of the training
example, or in other words the acquired concept is an operational generalization of the training example.

The EBL method for achieving this generalization depends on first proving that the training example is an instance of the
goal concept, i.e. that the sample cup is an open vessel which is liftable and stable. The principles used in the proof are drawn
from the domain theory and the axioms are various structural features of the training example. Note again that in principle the
system is able to classify any given candidate cup in this way before it has done any learning; this is in fact a requirement for
applicability of the method. The difficulty is that generating such a proof is too expensive prior to learning.

The first benefit from having constructed a proof is that features are immediately partitioned into relevant and irrelevant
ones - clearly a crucial step toward generalization. Those structural features which turn up in the proof as axioms are relevant
since they apparently contribute to meeting functional requirements. Those features that don't turn up can be dismissed as
unimportant variation between members of the class. Whenever we delete a feature from the set which defines the training
example, we generalize since the remaining features describe an ever larger superset of the training instance.

The full set of features defining the cup training instance is shown in Figure 2.1. The representation is a semantic net in
which the arcs are labeled with the relations they represent. The proof of "cupess" is shown in Figure 2.2. Note the tree
structure. The formula of each internal node has been unified with the consequent of some rule from the domain theory. (In the
case of the root, the goal concept has been used.) The formulas of the children of that node are the antecedent clauses. Thus, as
can be seen from the leftmost child of the root and its children, one of the domain rules is:

open-vessel(X} <-

part-of (X,Y), isa(Y, concavity), is(Y,upward-pointing)

(N.B. Following the Prolog convention, variables begin with a capital)
The leaves in this tree (i.e. the axioms of our proof) are features appearing in the training example. Only a portion of the features
supplied by the example appear in the proof and are therefore candidates to appear in the generalized version of the example.
Features describing color and ownership have not been used.

LIGHT BOTTOM

CONCAVITY BOSTOMi FLAT

_ _ BODY

CONCAVITYI-4 ro OBJI g BODYI : SMALL

t HANDLE1
UPWARD- color owner HA LPOINTING HNL

RED EDGAR

Figure 2.1. Features of the cup training instance. (Adapted from Mitchell, 1986)
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CUP(OBJ1)

OPEN-VESSEL(OBJ1) STABLE(OBJ1) LIFTABLE(OBJ1)

PART-OF(OBJ1 ,CONCAVITY1) IS(OBJECT1 ,LIGHT)
ISA(CONCAVITY1 ,CONCAVITY) PART-OF(OBJ 1, HANDLE 1)

IS(CONCAVITY1 ,UPWARD-POINTING) ISA(HANDLE1 ,HANDLE)

PART-OF(OBJ1,BOTTOM1)
ISA(BOTTOM1, BOTTOM)

IS(BOTTOM1 ,FLAT)

Figure 2.2. The proof of "cupness." (Adapted from Mitchell, 1986)

At this point we are ready to make a first attempt at extracting a new rule for cup recognition from our proof. Taking the
proof axioms as antecedents we have the rule of Figure 23. The most obvious objection to this rule is that it has no variables and
so applie, only to the training example. We will therefore replace identifiers with variables to obtain the rule of Figure 2.4.

cup(objl) <- cup(O) <-
part-of(obj 1,concavity 1), part-of(OC),

isa(concavityl,concavity). isa(C,concavity),
is(concavityl,upward-pointing), is(C,upward-pointing),

part-of(objlbottoml), part-of(O,B),
isa(bottomlbottom), isa(B,bottom),
is(bottoml,flat), is(B,flat),

is(obj 1,light), is(O, light),
part-of(obj 1,handle1), part-of(O,H),

isa(handlel,handle). isa(Hhandle).

Figure 2.3. First attempt at a new cup definition. Figure 2.4. Second attempt at a new cup definition.

This is a valid and reasonable generalization. In the following example, however, replacement of constants by variables
yields a very unsatisfactory generalization. This example, based on learning when one object can be safely stacked on another, i.
also from Mitchell and is summarized in Figure 2.5. The goal concept is safe-to-stacand the figure shows both a training
instance (a) and the proof that the objects stacked in the training instance are set one on the other in a stable fashion (b). Figure
2.6 shows the rule derived from constant replacement.
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BOX

densiBLUE

~r...OBJ1 -- OBJ2

I oor f ile wner ENDTABLE

BONNIE RED YES CLYDE

(a) The safe-to-stack training instance

safe-to-stack (obl,obJ2

liqhter (objiobj2)

weight(obJ1,.1) less(.i,51 weight(obJ2,5)I t --
volume (ob1l, 1) densitv(obl, .1) isa(obJ2,endtable)

(b) The proof of safe-to-stack (obj1, obj2)

Figure 2.5. OBJI, a box, can safely be stacked on OBJ2, an endtable. (Adapted from Mitchell. 1986)

Note that in Figure 2.6, the clause less (. 1,5) has been omitted, since although it is an axiom in the proof constructed
for the example, it can be statically evaluated and deleted as an optinization. This rule makes clear the inadequacy of our first
attempt at a generalization algorithm. The rule is a valid one, but misses a fairly obvious opportunity for even greater generality.
It is not crucial that the volume of X be 1 and its density .1; any combination of volume and density with a product less than five
will do. Thus we would prefer the rue of Figure 2.7.

safe-to-stack (X,Y) <-
safe-to-stack(X,Y) <- volume(X,V),

volume (X, 1), density (X, D),
density (X, .1), less (V*D, 5),
isa(Y,endtable). isa(Y,endtable).

Figure 2.6. First attempt at rule for safe-to-stack. Figure 2.7. Second attempt at rule for safe-to-stack.
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Various techniques for deriving such generalized rules from proof trees have been developed. Generally they are variants
on goal regression. Goal regression is a very powerful technique for finding the necessary and sufficient preconditions which
will allow some rule R to be used to derive a formula F. This notion is then extended to find a set of necessary and sufficient
preconditions which will allow a whole set of rules (i.e. a domain theory) to be used to derive F. Taking the formula

safe-to-stack (A, B)

as F and the definition

safe-to-stack(X,Y) <- not(fragile(Y)) or lighter(X,Y)

as R. the regression of F through R would simply be

not(fragile(B)) or lighter(A,B).

This expression can in turn be regressed, one predicate at a time, through definitions of fragile and lighter and so on until we
finally derive an expression which is operational, i.e. given in terms of easily computed predicates. If there are multiple
definitions of fragile or lighter, then all of them will have to be explored.

Actually, full-scale goal regression is simply too expensive and unwieldy a procedure to be of much use in reformulating a
goal concept. Notice, for instance, how the single regression step shown leads to a doubling in the number of terms in the
expression because the safe-to-stack concept was a disjunction. This will clearly lead to a dangerous exponential
explosion in the length of the expression and ultimately in the size of the rule. By exploring every disjunct of every rule, goal
regression produces a rule for recognizing all the members of the class defined by the goal concept - i.e. every conceivable cup.
Generally this is very wasteful; only a fraction of all conceivable cups will be encountered in practice. By contrast, EBL derives
less comprehensive rules designed to recognize typical instances by generalizing one or more training examples.

It is for this reason that EBL modifies standard goal regression liberally. As before we start with a single formula F to be
regressed. This time, however, we do not work backwards through the whole set of domain rules; instead we use the proof tree
built during analysis of the training instance. Beginning at the root, F is regressed back through the particular rule which was
used there (the goal concept, as before). Then whatever preconditions are derived are regressed in their turn through rules used by
children of the root. In this manner, the leafs are eventually reached. Instead of exploring every disjunct of every rule, we
consider only the rules that are actually used in the proof tree, and only disjuncts that were actually satisfied there. Let us trace
this procedure for the safe-to-stack example.

The initial formula,
safe-to-stack (A, B),

is unified with the portion of the definition that was satisfied in the proof:

safe-to-stack(X,Y) -> lighter(X,Y).
Since the disjunct, not (fragile (Y) ) , was not satisfied, it has been omitted. The substitutions generated by unification are
X -> A and Y -> B, so the new current expression is the single term lighter (A, B). In the next step we regress it through
the rule

lighter(X,Y) <-

weiqht (X,WX), less (WX, WY), weight (Y, WY)

to get a new current expression:

weight (A,WX), less(WX,WY), weight(B,WY).

In the example the first weight term was proved by using the rule

weight(X,VX*DX) <- volume(X,VX), density(X,DX),

9



so the first conjunct is regressed through it to yield

volume(A,VX), density(A,DX), Iess(VX*DX,WY), weight(B,WY).

Notice how the substitution of VX*DX for Wxin the weight term has been applied to the less term as well. The second weight
term is regressed through the default reasoning rule:

weight(Y,5) <- isa(Y,endtable)

This gives the desired final regressed expression

volume (A,VX), density(A,DX), less(VX*DX,5), isa(B,endtable)

where substituting 5 rar WY while unifying the weight terms led to the term, less (VX* DX, 5).

2.2 DeJong's EBL Method

In his own work with an EBL-based story comprehender called Genesis, DeJong has identified several ways in which
Mitchell's approach to generalizing explanations, while useful, does not go far enough (DeJong and Mooney, 1986). Some of
these missed opportunities are more easily demonstrated in a larger example such as the following one cited by DeJong.
Analysis of the narrative in Figure 2.8 results ;n the explanation in Figure 2.9. The narrative is meant to convey the notion of
kidnapping to Genesis. The system understands the passage by instantiating schemas to account for the various events. Thus the
program recognizes that part of what is going on early in the story consists of a capture scenario which enables the bargaining
schema at the end of the narrative. Schemas are thought of as compiled plans. The mission of the system is to create new
schemas to capture novel plans. In order to judge what parts of the story are related to the new technique for earning money, the
program isolates that part of the narrative representation that has "John gets the money" for a root. Due to the causal links that
have been inferred by the program this structure includes not only the bargaining that immediately precedes the ransom payment,
but also the capturing that makes the bargaining possible.

Fred is the father of Mary and is a

millionaire. John approached Mary. She
was wearing blue jeans. John pointed a

gun at her and told her he wanted her to
get into his car. He drove her to his hotel
and locked her in his room. John called

Fred and told him John was holding Mary
captive. John told Fred if Fred gave him

$250,000 at Trenos then John would
release Mary. Fred gave him the money
and John released Mary.

Figure 2.8. DeJong's kidnapping Story
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RELEASE1 BEUEF13 ...... BELIEF14 EP*TRA W

GOAL-PRIORITY4 _.1_ GOAL9 \ DRE1 REATEN1

MTRANS2 CALLI M V\

AIM1 MTRANS1

Figure 2.9. Full explanation structure.

Up to this point differences between Mitchell's approach and DeJong's are mostly cosmetic. Granted, the first uses theorem-
proving with inference rules as its model for understanding an example, while the second prefers schemas, but as noted by
DeJong, these differences are nothing fundamental. Both give rise to an explanation structure, i.e, a tree of propositions in which
the children of each node are the evidence for having asserted the node's proposition.

The differences in the approaches are apparent in what is done to the trees. As discussed above, Mitchell proceeds
immediately to a goal-regression procedure which essentially gathers up the leaves of the tree and generalizes their arguments as
much as possible, converting some to variables, rewriting others as expressions in these variables, and leaving still others as
literals. The end result is a set of terms which, if they should match any future instance, would allow us to make exactly the same
argument for the root proposition as was used in analysis of the example.

Unfortunately, there will many instances which are very similar to the example, and for which large portions of the same
reasoning are applicable, but which vary from it in some more or less minor details. Therefore a rule formed by Mitchell's
approach will not fire in the majority of the cases where the example ought to be relevant.

As an example consider that generalizing the kidnapping explanation structure in Figure 2.9 will make the kidnapper's use of
the telephone an integral part of "generalized" kidnapping; therefore in processing a future story in which the kidnapper sends a
letter, the system finds its kidnapping concept too narrow and has to try deciphering the meaning of the capturing and bargaining
without the benefit of the useful precedent it has already come across.

This problem of undergeneralization arises because the explanation structure which is generalized to yield a rule is too deep;
it reaches down so far that its leaves are likely to be details of the example which while causally relevant to proving that the
instance is an example of the goal concept, will not always turn up, even in quite similar examples.

One way to keep overly specific features out of the generalization is to prune certain portions of the tree, which has been
done in Figure 2.10. One of DeJong's suggestions is to eliminate those nodes which support inferences to more abstract actions.
Thus in the case of our kidnapping example, the kidnappers must communicate their demands before bargaining can occur. The
fact that they do this by telephone is not especially relevant. The only role of telephoning is to support inference of the more
general action - communicating. By deleting the node TELEPHONE1, we are altering the set of leaves which will appear as
antecedents in the generalized rule. Unduly specific nodes are eliminated in favor of more abstract ones which they support.
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Figure 2.10. Explanation structure after detail deletion.

Another method used by DeJong to obtain a more general rule by deleting portions of the explanation structure is to omit
propositions that are merely details in realizing some schema. The program which reads about kidnapping has a schema for
capturing. Also the only role played by the component actions for that schema is to allow the system to infer the capture event.
Therefore the nodes beneath CAPTURE1 have also been removed in Figure 2.10. This is reasonable as there is no point in
remembering exactly how this kidnapper captured his victim. The kidnapper will be in just as good a position if he captures his
victim with a lasso, By only retaining the top-level description of the capture act, we have once again generalized the example in
a very useful way. Overall these modifications to Mitchell's generalization procedure are extremely valuable as they clearly lead
to more widely applicable definitions.

2.3 Producing Explanations for EBL

All EBL projects share the broad strategy outlined above. One of the greatest sources of variation among EBL-based
learners is the extent to which they either learn independently or need the help of an instructor. Input can benefit a system in at
least three ways. First, the system can be left to identify goal concepts on its own. as Genesis does, or the instructor can specify
them for it. Second, the instructor can choose training instances of appropriate difficulty. Since EBL requires problem solving,
depending on the gap between the system's current domain knowledge and any given training example, analyzing the training
example may be beyond the system's capabilities (in practice if not in principle). The instructor can prevent this by directing the
system toward training instances that match its current aptitude. Third, the instructor can assist the program in building this
structure. The following discussion surveys a number of EBL-based systems and evaluates them along these lines.

Genesis (Mooney and DeJong)

To return to Genesis, the approach taken by DeJong and Mooney (1985) is to have the leamer read casually, i.e. the learner
is given stories or newspaper articles not specifically intended to be instructive. A narrative comprehension subsystem builds
explanations for whatever it can understand with its current schemas, paying special attention to the planning behavior of the
various characters. Because no attempt is made to match the system's current level of competencm. with the difficulty of the
readings, it is not always possible for the program to generate the causal explanation required for generalization. The current
story may simply be too hard for Genesis, given its current schema knowled,,e. If the causal structure of the narrative cannot be
inferred, then the program learns nothing. Aside from wasting time trying to .nderstand things which are too difficult, Genesis
must also spend a good deal of time on stories about planning for which it already has schemas, as no instructor is available to
steer it toward more interesting material. On the other hand Genesis is a very independent pupil and can eventually learn about
kidnapping without benefit either of a textbook or tutor. In addition, Genesis makes deliberate decisions about goal concepts. It
looks for novel plans in which the planner obtains an important goal (i.e. money, love, career advancement). The plan is novel if
the system fails to recognize it as an instantiation of some current schema.
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Learning New Principles (Winston)

The system presented in Winston's "Learning New Principles from Precedents and Exercises" (1982) is almost as
independent. The program is given a story and must "understand" it by identifying the underlying causal sL.ctwre of the
narrative. The program is then given an exercise which consists of an incomplete narrative and a question relating to its
completion. The first story is meant to serve as a precedent for the exercise. As an example suppose the first story is about a law
suit and its resolution. Then the exercise would be a similar law suit together with a question about its likely outcome. The
student is meant to find an analogy between the precedent and the exercise by matching the causal structure of the two narratives.
He then uses this match to reason about a likely decision in the exercise based on what the court ruled in the previous case. By
juxtaposing precedent and exercise, the instructor is drawing attention to an overlapping piece of reasoning which the student is
meant to identify and abstract. Thus the instructor never has to explicitly state the goal concept.

Lex (Mitchell)

The most learner-independent way of generating instances is to let the learner make up its own as in Mitchell's LEX (1983).
LEX is initially given a set of operators for solving integral equations. This initial description of the operators includes the
conditions under which they may legally be applied. For each operator, LEX infers a corresponding goal concept, namely the
conditions for applying the operator effectively, i.e. so that use of the operator leads to a solution. Whereas goal concepts are
implicitly specified for LEX by the operators it is given, the examples required to operationalize the goal concepts are devised by
the program. Because the evolving goal concept is explicitly represented as an incompletely learned heuristic, the problem
generator can identify the heuristic which has been least well learned and propose a problem whose solution is likely to lead to a
refinement of that heuristic.

Learning Apprentices

Another approach to bringing instructive examples to the learner's attention is to let the learner observe an expert. The
learner is given the goal concept, and while it can observe everything the expert actually does, it does not have any access to the
expert's planning. This must be reconstructed by the learner. Once the expert's solution has been understood, a new plan that
generalizes the observed problem-solving can be compiled. Segre and Delong (1985) have used this approach to build a program
which learns to operate a robot arm. One advantage an apprentice has over Genesis is that the expert presumably selects
problems that are novel without being too difficult for the apprentice to puzzle out.

2.4 Unanswered Questions for EBL

A learning technique such as EBL raises a number of questions. The current research will not address all of them. We are
mostly interested in determining whether EBL can capture the circuit concepts illustrated by the instructional readings described
in the next chapter.

Utility of New Rules

One of the most difficult questions facing EBL is documenting the performance of rules generated by the learning
technique. This involves identifying some set of problem-solving trials and determining whether the benefits conferred by the
new rules outweigh the costs. This calculation clearly depends on what trials are used. For example, testing the utility of a
kidnapping schema using several readings about kidnapping can only go so far toward establishing the schema's utility. This sort
of sample, artificially rich in opportunities to use the newly acquired schema, will tend to overestimate its utility. Likewise the
cost of carrying the new rules while processing unrelated material will be underestimated.

The present research tests the utility of new schemas in the context of a coherent set of readings sequenced according to
definite pedagogical goals. Each new concept is developed in anticipation of being used soon afterward. We therefore expect an
unusually rich set of opportunities for using the new rules. The readings are a reasonable benchmark for determining their utility,
since they reflect the structure of realistic cognitive task, namely understanding instructional materials, but clearly it is not the
only possible benchmark and others might even be preferable.

13



Applicability of EBL

Most importantly, the continuing research in EBL attempts to discover the range of problems to which the technique can be
usefully applied. It is possible to apply EBL to a wide variety of rule-based system. But not every computation implemented in
such a system will benefit from EBL. As an example, imagine the usual procedure for insertion into a binary search tree
implemented as a set of productions. Running without a learning technique, the procedure is already optimal. If we now add an
EBL module to this system, then no matter what we identify as goal concepts or training instances, we will only create redundant
rules which at best will be ignored, and more likely will increase the cost of rule matching.

The only practical way of investigating this issue is to test the EBL technique in a wide range of domains. The domains
used in EBL tend to fall into two categories. First are the domains which lend themselves to well-understood formal
representations such as mathematics (Mitchell, 1983; O'Rorke, 1984) or design of digital electronic circuits (Ellman, 1985;
Mahadevan, 1985; Mitchell et al. 1983). Then there are the programs that attack toy narratives such as Genesis or Winston's
programs. Most technical domains are richer than mathematics or digital electronics, but also have domain theories, such as
qualitative physics, that are more formal than those explored in toy narrative domains. Thus, this research extends EBL into a
technical domain, practical electronics, that offers an important middle ground between the two, a domain that is both richer than
mathematics and more formal than reasoning about every-day occurrences; since learning in this domain is important both for
machine knowledge acquisition and human instruction, this extension is not only scientifically relevant, but potentially
practically useful as well.
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Chapter 3

The Structure of Explanatory Prose

Learning schemas from text requires a model of text comprehension. Instructional text comes in a wide variety of forms,
including advice, rules, and explanations. Some research has already been done on automatic acquisition of knowledge from
advice (Mostow, 1983) and from rules and examples (Moon and Lytinen, 1989). This project focuses on textual explanations.
The model used here is largely based on the characterization of explanatory text as an incomplete proof. In this chapter, I will
discuss the structure of explanatory prose and the adequacy of modeling it in this way. I will also consider aspects of the textual
explanations that lend themselves to use of EBL as a learning model. Finally I will describe the representation of the texts used
in the machine experiment.

3.1 Technical Explanation as Incomplete Proof

The texts used in this research can be described as "how-it-works" explanations. A "how-it-works" explanation tries to
make clear the relation between the function of a device and its structure. Consider, for example, the passage of Figure 3.1. This
paragraph is taken from a manual for amateur radio operators (American Radio Relay League, 1961) and explains the operation
of a voltage regulator circuit. There are other types of explanatory text than the "how-it-works" studied here. However this type
of argument is widespread and important enough to deserve the central role it will play here.

"How-it-works" explanations are about a device. We can think of a device as a collection of components (likewise devices)
each having a characteristic behavior. Once properly interconnected, this set of parts exhibits a composite behavior which makes
the device interesting. The text is essentially a list of assertions about internal behaviors, each one causing the next, either as an
immediate consequence or via some implicit intermediate steps. Through a combination of picture and the text, the passage
explains how the structure of the device supports its characteristic behavior.

When the load connected across the output terminals
decreases, the output voltage tends to decrease. This takes
the voltage on the control grid of the 6AU6 less positive,
causing the tube to draw less current through the 2-
megohm plate resistor. As a consequence the grid voltage
on the 807 series regulator becomes more positive and the
voltage drop across the 807 decreases, compensating for
the reduction in output voltage.

400 V
Rhlered 470

S 2 Meg 807

Output
lOOK 500 47K

5W
6AU6

- - - 50K

0C3 150K 68K

/, /' /,7

Figure 3.1. Radio Amateur's Guide voltage regulator text and figure.
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This explanation can be thought of as a proof including premises, axioms, and conclusion. The premises are propositions
describing the structure of the device and an initial perturbation hypothesized at the beginning of the passage. The axioms are
drawn from the novice electronics students domain theory and the conclusion is typically the final behavioral proposition
appearing in the passage, which can often be characterized as the principal interesting behavior of the device.

The proof is sketched in the explanation rather than stated fully because the latter would be too tedious both for the author
and the reader. What is included in the text are some of the major intermediate steps of the proof, and hints about their logical
relations indicated by rhetorical expressions such as "thus", "because", "if', and "causing". Typically the author will not cite the
principles of electronics that he has used while tracing out the behavior of the circuit. Nor will he indicate how the structure
contributes to this behavior. Nevertheless, the reader understands the natural language explanation most deeply by filling in these
details. It is possible for a reader to be more or less critical while reading such an explanation and put correspondingly more or
less effort into verifying the account given by the author. The program developed here does not have the luxury of glossing over
any part an explanation, however. Instead it constructs a complete proof of the device's behavior since this will be essential to
acquiring a generalized concept of the circuit's structure and behavior.

3.2 Comprehension of a Technical Explanation

If the text can be analyzed as an incomplete proof, then comprehension can be cast as completing the proof. This involves
searching for some combination of domain principles and prior behavioral assertions that will allow each behavioral assertion in
the passage to be verified. The simplest possible structure for the explanation results when each statement can be deduced from
the immediately preceding one only. This yields a proof tree for the last claim which is basically linear and includes all the other
claims made in the passage. We could describe this as a perfect linear explanation. When this happens, it is especially easy to
identify the last proposition as being the goal concept for EBL, since all the other behavior observed is included in subproofs of
the proof of the last proposition. Not all of the readings analyzed here were perfectly linear. In some cases, the structure was
more genuinely tree-like, starting from a single root at the initial perturbation and then leading to two or more leaves, each
describing an output behavior or circuit property interesting in its own right. To form a single goal concept which would capture
all of this potentially important information, it was necessary to form a conjunction of the last two or three propositions in the
reading.

3.3 Generallzability of a Technical Explanation

Technical prose, such as the set of readings analyzed here, often illustrates a general design principle by explaining its
implementation in a typical system. The details of that particular system are of secondary importance and are usually not
remembered. On the other hand, the reader is expected to retain its basic structure and operation. By a sort of generalization, the
textual account of a single system is converted to an understanding of a whole class of devices. This is the case with the voltage
regulator passage. The discussion is by no means a complete theory of voltage regulation, but humans can read this passage and
acquire a general notion of the structure and operation of a voltage regulator which they can use in reasoning about any similar
device.

Once the technical passage is reduced to a proof or explanation structure, it becomes quite simple to model the rest of the
processing as an EBL problem. The goal concept is the high-level functional behavior of the device being analyzed, i.e. the
major output signal of the device which is generally described in the last proposition of the reading. In the case of our voltage
regulator, the goal concept is the compensation in the output voltage noted in the last line. The training example is the particular
voltage regulator which is analyzed in the text and depicted in the accompanying diagram. The domain theory is practical
analogue electronics, as described in the next chapter, and the operationality criterion requires simply that any new schema we
create should make use of previously acquired schemas whenever possible.

3.4 Overview of the Texts Analyzed

The readings used to test the reader/learner were taken from materials developed for use in a human learning experiment
(Kieras & Mayer, 1989), which were based on the type of presentation in the Radio Amateur's Handbook (American Radio
Relay League, 1961) and military electronics training material (VanValkenburgh. Nooger & Neville; 1955). They are presented
in Appendix I along with the propositions that were used to represent their content. The suite covers seven circuits and has been
segmented into 13 explanations. Figure 3.2 shows the transfers which were anticipated. For example, it was expected that the
triode amplifier schema acquired in readings AMPI and AMP2 would enhance understanding of the reading CAMP. The
cathode bias amplifier schema was expected to transfer from the CAMP reading to the voltage regulator readings, VRI and VR2,
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and the voltage regulator schema was presumed to enhance understanding of the stabilized voltage regulator circuit described in
readings SVR1 and SVR2.

There is not a one-to-one correspondence between circuits (e.g Basic Voltage Regulator) and explanations (e.g. VR 1 and
VR2) because the reading accompanying each circuit generally traces more than one behavioral scenario for that circuit. Often
there are two explanations which are complements of each other, i.e. the causal principles used are the same but every increasing
quantity has become a decreasing one and vice versa (see SERI and SER2). This means that there is an opportunity for transfer
between explanations of a single circuit. This possibility was recognized by the author of the readings and some of the
explanations are therefore incomplete in the original materials. These incomplete explanations begin by hypothesizing an initial
perturbation opposite in phase from the immediately preceding explanation. They then trace the behavior for one or two steps
before ending the explanation with a phrase such as "... and the opposite effects occur." These incomplete explanations have not
been used in the machine experiment. In other cases (see SVRI and SVR2), there is more than one interesting initial
perturbation, each requiring an explanation.

(AI.I i'2 (SERISER2) (RkEG1,AEG2 REGa)

Ampkfiw Beac VWot

( V R I .V R 2 ) ., &,

Sablized

Voagea

(SVR1 .SVR,2)

Figure 3.2. Expected transfers between schematic circuits.

3.5 Representation of Explanatory Text

The translation of text to propositions is done by hand. The translation is not complete; it is limited to capturing only the
content which can be reduced to simple statements about voltage, current, and resistance. More specifically, the target language
is given by the context-free grammar shown in Figure 3.3. A fair amount of the text simply cannot be translated into this target
language and has been left out. A good example of this is the second sentence of the reading CAMP which describes a fairly
complex relation between the grid and input voltages.

Because the grammar is very limited and the intuitive match of its sentences to the text is often close, most of the manual
translation can be done on a syntactic basis, without using knowledge of electronics. I would like, however, to briefly discuss the
most important exception to this general rule. As mentioned in the discussion of the domain theory, the common sense notion of
voltage regulation or stable or constant voltage depends on proving that one change leads to a countervailing one. The word
constant" is used in this sense in such phrases as "kept constant" or "remains constant" in SVR2. On the other hand the text
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sometimes refers to voltages staying the same and means just that - they don't change either way. This is to be seen in VR2 in
phrases such as "stays constant," "will remain constant," "is the same," and, "will stay decreased." I have disambiguated these
phrases by translating the former examples as a predicate with "constant" and the latter ones with a pair of propositions of the
form not (change (decrease, X))) and not (change(increase,X)).

<statement> ->

<event>

constant (<quantity>)

greater (<quantity>, <quantity>)

higherv (<vi>, <vi>)

produces (<event>, <event>)

not (<statement>)

and ( <statement>*])

large (<event>)

larger (<event>, <event>)

<event> ->

change (<trend>, <quantity>)

<trend> ->

increase

decrease

<quantity> ->

vage (<vi>, <vi>)

resistance (<vl>,<vi>, [...])

current (<vi>,<vI>, [... ])

<trend> ->

increase

decrease

Figure 3.3. Grammar for reading propositions.
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Chapter 4

The ReaderfLearner Model

4.1 System Architecture

The basic architecture of the system is shown in Figure 4.1. The system is presented with a series of readings. Each reading
consists of a circuit diagram for some electronic device, the Figure, and a short passage explaining its behavior, the Text. The
operation of the system with respect to a single reading is as follows. The figure is manually converted to a set of propositions
describing the circuit structure. These propositions are passed to a schema instantiation routine which us.% a library of schema
definitions to parse the circuit. Propositions describing the parsed circuit are one of the inputs to the simulator. The text is
manually converted to a set of propositions which are successively verified by the theorem prover, generally by simulating the
parsed circuit using a library of simulation rules. After it has processed all the text, the system extracts an explanation of how the
device works and generalizes it. The generalized explanation has both structural and behavioral aspects. The structure references
are collected together to form a new schema definition which is added to the schema library, and the behavioral assertions are
used to form a new rule which is added to the simulation library.

4.2 Representation of Circuit Diagrams

The circuit diagrams are manually translated to a set of propositions r-presenting component types and their
interconnections. See Appendix 2 for a listing of this propositional representation for each circuit used in the learning
experiment.
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Figure 4. 1. System processing.

Electronic circuits are usually drawn according to graphic conventions. T'hus a drawing can be criticized as being typical,
unclear, or misleading. However, no attempt has been made to capture these conventions or to represent the graphical layout of
the circuit drawing.
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4.3 Circuit Parsing

The set of propositions derived from the circuit diagram is the input to the schema instantiation routines. These routines
make use of a growing library of schema definitions to parse the circuit, labeling each recognizable subcircuit. There is an
important preliminary step in analyzing the circuit: before any schema labeling is done, we establish the flow of current through
the various components.

Current Analysis

Figure 4.2 shows how current flow in the voltage regulator is analyzed. Proceeding in a way that stays close to a layman's
understanding, this analysis begins by identifying potential current paths or circuits by tracing out all closed paths through the
device. Some components, such as resistors, allow current flow in either direction, while others offer a current path in one
direction only. For example, electron flow through vacuum tubes TI and T2 is only from cathode to plate. The circuits through
them are therefore directed. In all, there are five circuits for the voltage regulator. three of them pass through the voltage source
and the other two pass through the load and potentiometer, R3, one clockwise and the other counterclockwise. The next step is to
identify electromotive forces (EMF's). EMF's are what actually cause current to flow, an obvious example being a voltage
source, but also including, in the case of an A.C. circuit, a charged capacitor or an inductor through which a changing current is
flowing. The only EMF in the voltage regulator is the voltage source. Next the EMF's found along each circuit are qualitatively
summed. If the sum can be shown to exceed zero, as for the three circuits which include the voltage source, we further describe
the circuit as being a biased circuit. If a component is part of exactly one biased circuit, then we can infer the direction of current
through that component. Such components are represented as biased components. If a component is part of more than one
biased circuit, current flow can still be inferred, provided each of the biased circuits implies the same flow. Thus, current flow
through the voltage source can be determined, since the three biased circuits agree in assigning the same direction to it.

,4 R2 -- - -

Ri

Figure 4.2. Circuit analysis for the voltage regulator showing current paths.

One might object that a student of electronics rarely undertakes such a deliberate analysis of the current flow, but he has
quick access to all the conclusions of such an analysis through use of graphical conventions. Visual inspection allows him to
make plausible guesses as to where current is going. Generally a component with wire drawn above and below carries current
from the top to the bottom. By reducing the figure to :opology only, we lose the ability to do this sort of reasoning. The
foregoing analysis compensates for that loss.

Schema Instantlation

Schemas are represented in a straightforward w m: they specify a set of simpler schemas (or primitive components) and the
connections between the various ports of these simpler schemas or components. Initially, however, this library contains just one
schema, the voltage divider, all the others being acquired from the readings. The instantiation is essentially an exhaustive
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bottom-up search for the part configurations given in the schema library. The schemas are ordered to suit this bottom-up
approach and are instantiated serially. The most elementary structures are located first. Then in each successive round, the
system will search for higher-level structures defined in terms of simpler ones already found. New schemas are added at the end
of this sequence, where they represent a new highest level in the hierarchy.

The system is initialized with definitions for two types of voltage divider, the most primitive and common schema. The
purpose of a voltage divider is to tap some high voltage and derive a lower voltage for application elsewhere in the circuit. One
variety of voltage divider contained in the schema library is formed by two biased components in series. The other consists of a
potentiometer where the movable tap of the potentiometer is used to supply the lower voltage. Much of the reasoning used
throughout the readings can be construed as reasoning about voltage dividers.

All the other schemas are learned, and correspond to the circuits shown in Figure 3.2:

1. The triode amplifier

2. The series tube controller

3. The regulator tube circuit

4. The cathode bias amplifier

5. The basic voltage regulator

Most of these are instantiated in the circuit shown in Figure 4.3, which shows a partial schematization of the basic voltage
regulator including a voltage divider, a triode amplifier, a cathode bias amplifier, and a series tube controller. Figure 4.4 shows
the schema learned for the basic voltage regulator. Notice that it includes all the component schemas learned previously, except
for the triode amplifier which is subsumed by the cathode bias amplifier.

Series Tube Controller

V.u

Amplfier Voltakge Divider

Triade Amplifier'

Cathode-bias Amplifier

Figure 4.3. Schematization of voltage regulator with component schemas outlined.
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spotschema (voltage_regulator)
not (constant (vage (VO,Vl))),
bcomp(_, seriestubecontroller,

[V3,V4,VOV5,V6,Vl,V7]),
bcomp(_, cathodebias_amplifier,

[V9,VlO,Vll,VO,V5,Vl2,V13,V14),

bcomp(_, cathodebias_amplifier,
[V19, Vll,V1,V20,VIO,V21,V22,V23)),

comp(_,V26,[V20,Vl]),
resistive (V26),
bcomp(V28,voltage divider, [VO,Vl,V29,Vll]),
bcomp(V30,load, [V0,Vl]),
gensym(voltage_regulator,VR),
add (bcomp (VR, voltageregulator,

(V9,VO,Vl,V30,Vl9,Vll,V20,VlO]).

Figure 4.4. Structure definition for the voltage regulator.

4.4 Simulator/Theorem Prover

In accordance with the discussion of Chapter 3, the comprehension phase of the program has been modeled as theorem
proving applied to a simulation. The domain theory includes both forward and backward chaining rules. The forward-chaining
rules (or operators) represent the causal behavior of individual components: each operator has some event among its
preconditions which causes one or more events to be inferred. Whenever an operator fires successfully, it makes a claim about
some new behavior in the device, which is likely to be interesting. Thus a systematic application of the operators is used to push
simulation forward in time whenever the reading runs ahead of whatever predictions have already been made.

Add the first reading proposition
For each remaining proposition

Try to prove the proposition via backward chaining only
If success,

return to remaining proposition loop
Else

Do forever (resume simulation)
For each operator (a cycle of simulation)

Instantiate the operator completely
Add any new clauses generated by it
Try to prove the proposition
If success,

return to remaining proposition loop
Else remove the clauses added and save

them until end of the operator loop
End (for each operator)
Add all the saved clauses
Try to prove the proposition
If success,

return to remaining proposition loop
End (do loop)

End (for each remaining proposition)

Figure 4.5. Reader algorithm for the reader program
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Not every inference about an electronic device involves cause and effect relationships. I call other inferences which have no
causal interpretation acausal reasoning and represent them with backward-chaining rules. As an example, consider transitive
reasoning. If one voltage change is greater than a second which is greater than a third, then the first is greater than the third.
Because this reasoning has no causal or temporal aspect, it is less likely to yield a conclusion interesting in its own right, which is
why this reasoning is represented by backward-chaining rules, initiated only when needed by the forward-chaining rules or to
verify a claim taken from the circuit explanation.

The top level of the automated reader is shown as an algorithm in Figure 4.5. The system always treats the first proposition
of a circuit explanation as an assumption. All the remaining propositions are taken as successive claims to be verified. The
prover begins this process by determining whether a given proposition can be deduced by backward-chaining from the current
state of the simulation. If this succeeds, we continue to the next proposition.

If the current proposition cannot be proved in this way, the simulation is resumed via breadth-first search using the
operators. The operators are fired serially according to a fixed order. The order is initially irrelevant; that is, their order is not
determined by any domain-dependent consideration. But acquired rules are added at the head of the operator evaluation queue to
ensure preferential use of acquired schemas. Firing each operator for every possible set of variable bindings constitutes one full
cycle of breadth-first simulation. Although many propositions are verified in one cycle, sometimes several cycles are required.

One of the main goals of the architecture is to terminate search as soon as possible. In particular, we test for provability of
the current proposition not just after completing a cycle, but after each successful operator so that a cycle can be interrupted if the
most recent operator application has created new clauses leading to a proof. This means use of new rules may lead not just to a
reduction in the number of cycles, but also to quicker cycle termination. Since many of the queries are solved in one cycle even
without learning, these intra-cycle savings are important. The system is also designed so that within a cycle, operators do not
communicate with each other, i.e. clauses added by the fourth operator to fire during a particular cycle are not available for
matching preconditions of the fifth operator during that same cycle.

4.5 The Domain Theory

In this section I will present the domain theory used by the reader/learner to create proofs that correspond to textual
explanations. Common-sense or qualitative domain theories for electronics have been developed by a number of researchers,
such as Stallman and Sussman (1977) or DeKleer (1984), for various purposes. The main constraint I have worked with is the
need to model the domain using only knowledge that a student of practical electronics might have. Since I am interested in the
pedagogical implications of the automated reader system. I wanted to avoid basing the domain theory on knowledge not available
to the intended audience of the readings. The anticipated audience knows basic electricity concepts such as Ohm's law and
partial models for all the basic components, but has not studied the full mathematical theory of electronics, such as network
theory.

This largely rules out the simple adoption of very sophisticated theories such as DeKleer's. DeKleer's theory includes not
only component models which are within the grasp of the typical student and have close functional counterparts in the theory
developed here, but also causal heuristics that are much more difficult to justify to the typical reader of a simple electronics text.
Of course there are good reasons for the existence of mathematical electronics theory, namely the inadequacies of common-sense
understanding of electronics. In this work I use a simple domain theory, not because the theory is the best available, but because
it represents the understanding of a particular kind of student.

As mentioned above, the domain theory includes two types of knowledge. The first is knowledge about behavior of
individual components which is represented by operators. I discuss the operators next. The second type of knowledge supports
acausal reasoning and is implemented by backward-firing rules. They are described after the operators.

The Domain Theory: Operators

An operator captures a small piece of causal reasoning about some component, either primitive, or the instantiation of a
schema. The operators have one or more preconditions and on meeting those preconditions, they add one or more conclusions to
the simulation. The preconditions include some structural specifications as well as at least one behavioral assertion which is the
cause of the resultant behavior(s) described in the conclusion. As an example, consider the operator for the regulator tube (Figure
4.6). The operator is presented in three ways: in English. in an abbreviated qualitative physics notation, and as a Prolog rule.
The rule has one structural precondition which refers to the regulator tube, and another requiring a change in voltage across the
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tube. That change will result in an opposite change in resistance across the tube. Appendix 3 contains a complete summary of
the operators, including an explanation of the formulas occurring in the Prolog rules.

R-REGTUBE The Regulator Tube Rule

A change in current through a regulator tube causes an
opposite change in its resistance.

If -v),

then -(r)

bcomp(L,regulator tube, [PLATE,CATHODE]),

change (C, voltage (PLATE, CATHODE)),
oppchange(C,OC),

-> change (OC, resistance (PLATE, CATHODE)).

Figure 4.6 The regulator tube operator.

The Domain Theory: Backward-Chaining Rules

Backward-chaining rules are meant to represent acausal reasoning, i.e. reasoning about the logical, as opposed to the
behavioral. consequences of changes observed in the circuit. This section presents the system's acausal reasoning. As an
example of such reasoning, consider the following rule written in pseudo-Prolog for inferring a voltage change between two
points, P1 and PN (shown as goal on line 1). First we establish a path of N components laid out between P1 and PN (line 2). The
first component lies between points P1 and P2; the second, between points P2 and P3; and so on. If we can establish that there is
a change C along at least one of the N components (lines 3 and 4) and also that there is no countervailing change along any of the
components (line 5 and 6), then we may infer a voltage change between P1 and PN:

1 change(C,voltage(PI,PN)) :-
2 there exist pairs [[PI,P2],[P2,P3],...,[PN-I,PN]J such that
3 for some pair [Pj,Pk]:
4 change (C, voltage (Pj,Pk))
5 and for each pair [Pl,Pm]:
6 not ( (opp change(C,OC) ,change(OC,voltage(PIPm))))

One of the concepts frequently used by the readings is a simple comparison of voltage between two points, i.e. one point in
the circuit is at a higher voltage than another point. This is represented with the predicate

higherv (Pointl, Point2).

Higherv is computed during circuit analysis for all pairs of points that are adjacent along some current path and separated by a
resistive component. The relation is further defined for two arbitrary points by a transitive definition:

higherv (x, y) :-
there exist pairs [[Pl,P2],[P2,P3],..[PN-1,PN]] such that
for some pair (Pj,Pkl:

higherv (Pj, Pk)
and for each pair [Pl,Pm]:
not (higherv (Pm, PI))
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Some of the readings, particularly those describing amplification effects, make claims about the relative magnitude of two
changes. This sort of comparison is suppored by two rules, the first being a straightforward application of transitive reasoning to
three quantities represented as voltage(A,G), voltage(BG), and voltage(C.G).

greater(change(CH,voltage(C,G)) ,change(CH,voltage(A,G)))
greater (change (CH,voltage (C,G)) ,change(CH,voltage(B,G))),
greater (change (CH, voltage (B, G)) ,change (CH, voltage (A, G))).

The second rule allows further reasoning about relative magnitudes by tacitly assuming that causes and effects are in some sense
of the same magnitude. The notation, produce (change (Cl, Q1) , change (C2, Q2 )iJidicates that change Cl produces
change C2 either directly or through a series of intermediate changes. Suppose it is given that one change (C2) is greater than
another (Cl) and also produces a third (C3). Then we can conclude that C3 is greater than C1.

greater(change(C3,Q3),change(Cl,Ql)) :-
greater (change (C2, Q2) ,change (Cl, QI)),
produces(change(C2,Q2) ,change(C3,Q3)).

This is the formalization of some very approximate reasoning which is not always correct. It is, however, just the sort of
reasoning which underlies the explanations given in the reading suite. As an example, one of the most important conclusions
drawn by the reading AMP2. which describes the triode amplifier, is that the change in output voltage is greater than the change
in input voltage. The circuit and a diagram summarizing its behavior are shown in Figure 4.7. The simulation begins with a
change in voltage at the input. Now the domain theory predicts a resulting change in the tube's resistance and also implies that
this change will be greater than the change in input voltage. Furthermore the changing resistance results in changing output
voltage, but since the relative magnitude of these last two effects is unknown, what can we say about the relative magnitude of
the input and output voltage changes? This is where the rule outlined above is useful. It allows us to tacitly assume that the last
two effects are comparable in magnitude, because they are causally related. We can therefore conclude that the output voltage
change is greater than the input voltage change.

/' -OUTPUT

Figure 4.7. Reasoning about amplification effects in the triode amplifier.

A set of three backward-chaining rules was developed to capture a wide variety of inferences concerning voltage across a
vacuum tube and its bias element (usually a resistor). Figure 4.8 illustrates these three rules. During simulation it often becomes
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clear that the grid voltage of a vacuum tube has changed, as indicated on the left of each diag-am. However to make any
inference about the behavior of the tube, it is necessary to establish some change in the voltage between grid and cathode (shown
dashed). The three rules described below enumerate the cases in which the latter change can be inferred from the former.

Rule 1) P

I +(V)

I ochengemv
or -(v) a,+(v)

Rul 2) p

G 3v)

Rule 3)

+(v)

+(V)

Figure 4.8. hueuirg cnang;c i- grid voltage.

Cathode Bias Rule 1. If the grid/ground voltage changes one way and the cathode/ground voltage is constant, then the
grid/cathode voltage changes in the same way.

change(C,voltage(GRID,CATHODE))

change (C, voltage (GRID,GROUND)),
constant (voltage (CATHODE,GROUND)).

Constant voltage between two points can be inferred in two ways. Either there should be no change noted so far, or there should
be compensating changes (both a decrease and an increase).

Cathode Bias Rule 2. If the grid/ground voltage changes one way and the cathode/ground voltage changes in the opposite
way, then the grid/cathode voltage changes as the grid/ground voltage did.

change (C, voltage (GRID,CATHODE)) :-
change (C,voltage (GRID, GROUND)),
opp-change (C, OC) ,
change (OC, voltage (CATHODE, GROUND)).
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Cathode Bias Rule 3. If grid/ground voltage changes one way and there is no similar change in cathode/ground voltage,
then the grid/cathode voltage changes that way too.

change (C, voltage (GRID, CATHODE)) -

change (C,voltage (GRID, GROUND)),
not (change (C,voltage (CATHODE,GROUND))).

Sample Circuit Simulation

As an example of the use of the operators, the following analysis summarizes the operation of the voltage regulator as
described in reading VRI. The propositions from the reading and a diagram of the circuit are shown in Figure 4.9. Table 4.1
shows the simulation in the form of a proof. The proof statements in the table are assertions that some voltage (v), resistance (r),
or current (i) is either increasing (+), decreasing (-) or constant (c). Each voltage or resistance is specified relative to two points
(A-F) in the circuit. The rationale for each statement lists the domain rules and previous statements supporting each step. Finally
those statements from the proof which match propositions from the VR1 reading are indicated.

V,

,7- - - -

P4 cawI 4 ee rg to owuhr TI
PS The god ak T2 moet be antt I*ee e Tegme.

PS dears" re re wc of T2.
P? and tS. keei me otptA voltee t e am*.

Figure 4.9. The voltage regulator circuit and reading VR 1.

The initial perturbation of the system is an increase in current through the load (Step 1). This increase is described by P1,
the first proposition of the reading, and syntactically tagged as an assumption by the conjunction "if". It results in a decrease in
output voltage (Step 2), as noted in P2. The potentiometer is a voltage divider, so the output voltage decrease is accompanied by
a voltage decrease at the potentiometer midpoint, from which we infer that the grid voltage of tube TI has decreased, not only
with respect to ground, but also with respect to its cathode, as stated in P3 (Step 4). Due to the changing grid voltage, resistance
across TI increases (Step 5), resulting in a decrease in current across the tube, as stated in P4 (Step 6). The increasing resistance
of the tube also increases the voltage across it (Step 7). Therefore the grid voltage on tube T2 is increasing (Step 8) and this
matches P5. The changing grid voltage leads to a decrease in resistance across the tube as noted by P6 (Step 10). as well as a
decrease in voltage across it (Step 11). Because the tube and load are in parallel with a voltage source, voltage across the series is
fixed, and the decrease in voltage across T2 must be compensated for by an increase in voltage at the output (Step 12). The
combination of an initial decrease in output voltage and a resulting increase is recognized as a feedback pattern that results in
keeping the output voltage constant (Step 13) and this matches the final reading proposition, P7.

27



Table 4.1.
Simulation of the voltage regulator.

STATMENT RATIONALE READING PROP.

1. +(i E,F) given P1
2. -(v EF) R-LOAD, #1 P2
3. -(v DF) R-VDIV, #2
4. -(v D,C) #3 P3
5. +(r B,C) R-TUBE, #4
6. -(i B,C) R-CHOKE, #5 P4
7. +(v B,C) R-RV, #5
8. +(v B,F) #7 P5
9. +(v B,E) #8

10. -(r A,E) R-TUBE, #9 P6
11. -(v A,E) R-RV, #10
12. +(v EF) R-COMPV, #11
13. c(v A,F) #2, #12 P7

4.6 Generalization of the Explanation

As each text proposition is verified during comprehension, the simulation rules used to deduce the proposition are saved
together with the variable bindings that allowed the rule to fire. This allows us to reconstruct a proof for each of the assertions
made by the text. As noted in Chapter 2, most readings develop a perfect linear explanation, i.e. the proof for each proposition
includes the proof of the immediately preceding one.

For purposes of illustrating the rule formation process, Figure 4.10 (a) shows the proof derived from reading REG1.
Starting from the bottom of the tree, the rules used in the proof tree are R-LOAD, R-REGTUBE, and R-RV. The top lev, 1 of the
tree uses a backward-firing rule, namely the definition of a constant quantity as one that is being regulated as evidenced by its
increasing and decreasing. My own version of goal regression converts the proof tree into a rule tree (Figure 4.10 b); for each
internal node of the proof tree, an uninstantiated copy of the rule used to derive the node from its children is created in the rule
tree. Thus the actual rules used during the proof and their relation to each other is preserved while premises describing the
current circuit are left behin. The rule tree is then traversed so that all unifications implied by the original proof are applied to
the rule copies.
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Figure 4.10. Rule formation. The proof tree (a) is used to construct a tree of uninstantiated rules (b) which
are merged by unification as shown. Following the Prolog convention, underscores are anonymous variables.

During this procedure, any two leaves in the rule copy structure that were in fact matched by the same clause in the training
example are also unified together. This restricts the generality of the rule and reduces the number of instantiations. Without this
modification, a rule tree referring to a single resistor three times will lead to a new rule that can be matched to three different
resistors. The additional unifications instead lead to a rule placing three conditions on one resistor. Heuristically this is justified
by the observation that when a given structure serves more than one function in generating circuit behavior, it is usually no
coincidence. Rather it reflects a deliberate economy in design. The same strategy, rationalized in a different way, has been
adopted in SOAR (Laird, Newell & Rosenbloom 1987).

Once the explanation has been generalized in the form of the rule tree, it is broken down into a new schema and a new
simulation rule (see Figure 4.1). Basically all the statements appearing in the proof that relate to circuit structure are taken as the
basis for a structure definition to be added to the schema library, whereas the statements relating to the behavior of the circuit are
included in a new simulation operator. The antecedent clauses of this new simulation rule include any behavioral assumptions
that the argument rests on (initial perturbations) and reference to some instantiation of the corresponding circuit structure. The
consequent clauses include all the behaviors resulting from the initial perturbation. Thus, in a future circuit, if the schema is
instantiated, and the initial event is present, all of the implications of that event identified by the generalization process will be
immediately added.

An interesting problem occurring at this point is separating out those parts of the :xplanation which relate to the new circuit
being learned and those which describe its structural context in the explanatory example. As an example, consider the regulator
tube circuit, shown in Figure 3.2. The circuit itself consists of only the resistor and the regulator tube, but the explanatory
passage that -icompanies it begins by hypothesizing a change in current through the load. The load therefore figures in the
explanation and it reference to it were not pruned, the load would also be mentioned in the structural definition derived from the
explanation. This specialization is entirely unnecessary and would prevent recognition of the regulator tube subcircuit found in
the stabilized voltage regulator, also shown in Figure 3.2, because the load is no lunger in psrallel with the regulator tube. There
are some textbooks which indicate the extent of a new schema graphically by drawing a line around the relevant subcircuiL The
present system is given equivalent information. The description of each circuit from which the system acquires a schema
includes identification of the components that make up the schema. This can be seen in Appendix 2, where the clauses used to
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represent those circuits include the formula new.devicecomponent. Those parts of the explanation that refer to structure outside
the new device are pruned by the system prior to generalization.

4.7 Multi-State Simulations

The system as outlined above can support reasoning about D.C. circuits such as those included in the test readings and lends
itself to application of EBL. However other circuits are more difficult to simulate because they require a more complete model of
time. I have been able to simulate a number of interesting A.C. circuits using a state-based approach to representing time.

The operation of an electronic circuit across time can be represented as a sequence of qualitative states. The states partition
the circuit's behavior into distinct time intervals, each state being characterized by a set of propositions which implies what the
next state is. This sort of reasoning is largely domain independent and forms the kernel of the various envisionment algorithms
developed by researchers in qualitative reasoning (e.g. Kuipes, 1984).

In Figure 4.11 the actual quantitative model of a discharging capacitor is shown graphically and then segmented into
qualitative states according to whether or not the capacitor is charged. Each state is represented by a set of propositions
describing the circuit and each proposition is taken to be true throughout the interval associated with the state. The actual length
of a state's interval is not generally known or important, but it is useful to distinguish two basic types of interval: those which
persist during some period of time, and those which represent only an instant.

The circuit Its be4havior

STI ST2

Assumptions: Assumptions:

Implications: Implications:

I-0 1-0

d(C) < 0

Figure 4.11. Qualitative analysis of discharging capacitor.

The propositions associated with a state may be divided into two groups: first, the assumptions that can be thought of as
defining it; and second, the implications of those assumptions. These implications are deriv-d from the structure of the circuit
and the sort of electronics domain theory outlined above in Section 4.5. Thus, a typical simulation as shown in Figure 4. 11
would begin with an initial state, such as STl. defined only in terms of the assumption C > 0, where C is the capacitor charge.
STl would then be elaborated by adding all the implications of that assumption, in this case, the existence of a current, I > 0, that
diminishes the charge of the capacitor, d(C) < 0. Once the state description has been completed this way, it will usually include
among the assumptions some inequalities such as C > 0 as well as some inferred changing quantities such as d(C) < 0 that
threaten to invalidate those assumptions.

Computing a State Transition

It is often possible to use common-sense reasoning to unambiguously predict a next state for the circuit. Since there are no
other changes possible in STI, C > 0 and d(C) < 0 can be used to infer that, in the next time interval. C = 0, i.e. the circuit enters
ST2 where the capacitor is uncharged and there is no current. But generally, determination of a next state requires identifying all
the inequalities that could possibly be affected by change in the current state. The simplest of these are constraints that reference
a changing value.

There is sometimes ambiguity with respect to the future of even a single inequality. This happens when more than one of
the values referenced by it is changing. Table 4.2 shows for a hypothetical circuit how changes in two quantities, x and y, might
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determine possible next states. The current state includes the assumption x > y. If x is decreasing and y in increasing, then the
next state will be characterized by x = y. If both x and y are increasing, then the next state may or may not be revised to x = y. In
actual simulations there will often be more than one revisable assumption, in which case it may not be clear which assumptions
will have to be updated in the next state. In the worst case, all possible combinations of these assumptions will have to be
considered. Sometimes, however, it is possible to reason about the relative rates of the various changes and exclude some of the
possibilities. Thus in Table 4.2, if both x and y are increasing, but it is also known that y is increasing faster than x, we can
eliminate x > y as a possibility.

Table 4.2.
Possible projection of x > y into a next state.

d(y) = 0 d(y) > 0 d(y) < 0

d(x) - 0 x >y x - y x >y

d(x) <0 x.y x-y x=yo

d(x) > 0 x> y x = yor x -y
x>y

Examples of Multi-State Simulation

I have used this state-based representation of time to simulate several circuits, the most complex being the D.C. power
supply shown in Figure 4.12. Before presenting a full analysis of that circuit, it may be helpful to look at the first component of
the power supply, the A.C. voltage source. Figure 4.13 shows how it is modeled as a primitive component which generates a
sine wave at a fixed frequency. In many cases an adequate qualitative abstraction of this wave is a sawtooth curve which can be
described by a succession of four states. Each transition is due to the interaction of some changing quantity (the A.C. voltage
indicated as V) and a boundary describing the current state.

A LOAD

Figure 4.12. D.C. power supply.
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The circuit Its behavior

VOLTS ST2
ST2

MAX

TIMEMIN

ST3
ST4

As a state sequence

ST1: V<MAX d(V)>0
ST2: V.MAX d(V)<0
ST3: V>MIN d(V)c0
ST4: V=MIN d(V)>0

Figure 4.13. Simulation of the A.C. voltage source.

Figure 4.14 shows the simulation of the D.C. power supply. The states are fairly complex. RAC is the EMF due to the
rectified A.C. source (the sawtooth portion of the figure). It is bounded between MAX and 0. C is the charge of the filter
capacitor. Reading from left to right. the state at any moment is determined by the relation of RAC to MAX, and to 0. the change
in RAC, and its magnitude with respect to C. The last column shows the change in C, a particularly important implication of the
comparison between RAC and C. When the EMF due to the A.C. source exceeds the capacitor charge, current flows into the
capacitor and increases the charge. When the capacitor charge is greater. current flows out of the capacitor.

VOLTAGE

RAc
MAX.

C (- Ouput Voitage)

St3I

STI ST5 I ST1

S T7

ST1 MAX>RAC RAC>0 d(RAC)>0 RAC-C d(C)-0
ST2 * RAC >C d(C) ,0
ST3 MAX - RAC d(RAC) < 0
ST4 MAX > RAC
ST5 " RAC.C d(C) 0
ST6 " RAC <C d(C) 0
ST7 RAC-0 d(RAC)>0 "
ST1 * RAC > 0

Figure 4.14. Simulation of the D.C. power supply.

All the state transitions are caused by the interaction of the two changing values, d(RAC) and d(C), with the inequalities
relating RAC and C to each other and the various bounds. In STI. for example, since RAC is increasing and C is unchanging,
RAC = C can be true for only an instant before it must be updated to RAC > C. There are other boundaries in STl that could be
jeopardized by the increasing RAC - for example MAX > AC. This is not observed in the transition to ST2. however, since the
equality AC = C is invalidated instantaneously whereas an inequality can only be invalidated after some interval of time.

In ST2, there are two propositions that could be invalidated on the way to a next state and therefore the simulation is
ambiguous. RAC is moving toward MAX while, at the same time, the comparison RAC > C could conceivably be violated since
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both RAC and C are increasing. Which will happen first is not clear. In Figure 4.15, the two alternative transitions for ST3 are
shown. In (a) the RAC voltage peaks first; in (b) the capacitor charge catches up with RAC before RAC peaks. Of these two
possibilities, the first is actually observed. The simple qualitative domain theory used here cannot provide a rationale for
eliminating the second, so a search among the states may be required during simulation. I have not implemented this search and
instead selected states manually. The text explaining the circuit's behavior may be sufficient to guide the simulation through a
simple breadth-first search of this state space, but it should also be noted that pictures such as Figure 4.16 often accompany texts
explaining the circuit's behavior and offer an obvious chance to reduce this search drastically.

VOLTAGE (a) VOLTAGE (b)

MAX- MAX

I
ST3

ST3\I

STi TIME STi TIME

Figure 4.15. Ambiguity in the simulation.

VOLTS

FILTERED
, t IAC

tRECTIFIED
I 'I * AC

SI TIME

Figure 4.16. Textbook illustration of D.C. power supply output.

It may seem that behavior of any complexity requires a description spanning several states, but this is not the case. All the
D.C. circuits simulated in this project were simulated in a single state. To see how this is possible, consider an example of causal
behavior typical of these D.C. circuits. Figure 4.17 shows the effect of a decrease in the grid voltage of a triode. This is an
ongoing change with no particular duration and no particular limit. It causes an ongoing increase in the tube's resistance. The
temporal relation between the two changes is that they are approximately simultaneous, extending over the same interval. We
can therefore record them both in a single state. Intuitively, the causal relation between the two changes suggests that the start of
the first change must precede the start of the second. However the causal delay is so small compared to the scale of other
changes in the circuit, that it can be ignored. Behavior that arises from chaining together a number of these approximately
simultaneous cause and effect relationships can also be described in a single state, which is why it is possible to trace out fairly
elaborate chains of cause and effect, as seen in the most complex readings, without having to reason explicitly about time in
terms of multiple states and transitions between them.
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Figure 4.17. Causal behavior within a single state.
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Chapter 5

The Machine Experiment and Results

5.1 Experimental Design

I have used the system developed here to acquire schemas from a series of instructional readings which introduce the seven
increasingly complex electronic circuits described in Chapter 3 (see Appendix 1). The readings are designed as an integrated set.
the latter circuits incorporating the earlier ones. The earlier readings are mostly an opportunity to acquire schemas while the later
ones are mostly a chance to use them. One of the important questions addressed by the simulation is whether the schemas are
demonstrably useful to the reader program. I assume that knowledge of conventional schemas allows people to learn more
effectively by identifying structures whose behavior is likely to be consistent over some range of applications. This consistency
means that time spent building a representation of the structure's behavior in one circuit can result in some advantage when that
representation is used to reason about the behavior of the structure in another circuit. The question then is whether the behavior
associated with the structures is consistent enough to confer any benefit on a reading comprehension program running in
conjunction with EBL.

To test this assumption, I have conducted an experiment in which the readings are processed in two different conditions,
learning and non-learning. A simplified version of this experiment is shown in Figure 5.1. In Condition 1, the non-learning
condition, a typical complex circuit is processed using only the initial domain theory and this requires a certain amount of
resources indicated here simply as a reading time of 100 seconds. In Condition 2, the learning condition, the EBL module is
active. Since an earlier reading has generated a new and relevant schema which is subsequently used in processing the more
complex circuit, the resources required decrease. Figure 5.1 shows the acquisition of only one schema and the possibility of a
single transfer between two readings. But the full set of passages leads to the acquisition of five schemas and thirteen transfers
among the readings as shown in Figure 5.2. Each node represents a reading. The base of each arrow identifies a reading that
supported acquisition of a schema and the head of the arrow shows a passage where that rule was used.

Coehlien 1 - no e Wma usage

Simulator/

Tme,: 100

Condhica 2 - leat schema finSh

Sbi$muitOi Prover

r mguretI ' & nv~
Timu.ation Rule

Tlmo: U1

Figure 5.1. The Learning Experiment for Two Readings. When a schema hasbeen learned from the
single tube circuit, it can be instantiated in the two tube circuit, reducing reading time for the latter.
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REG1 SERI AMP1

REG2 SER2 AMP2

REG3 CAMP

SVR2 V TAMP VR2

SVR1

Figure 5.2. Actual transfers observed among explanations.

Another of the questions the experiment is meant to answer is: what learning techniques are needed by the system to acquire
the schemas? Inductive similarity-based techniques and EBL are two major alternatives suited to very different learning
problems. Given the research interest in combining the two (Lebowitz, 1986; Pazzai,1988), it appears that some problems
require use of both approaches. In this work it seemed that EBL alone would probably suffice.

One of the hallmarks of EBL is the ei x.;tation that a concept will be acquired after just one trial. This expectation seems
applicable to the practical electronio. - ,in where each schema circuit is typically presented and described once. Another
indication that schema acquisiti- - EBL-suitable problem is the availability of an extensive, explicit domain theory that
explains how the circuit's behvi . arises from its structure. Since the only value of an electronic circuit is its behavior, the
constraints on its structure ;rplied by that behavior ought to be a complete definition of the concept. Therefore I have assumed
that EBL is the only lerning technique required. If the acquired schemas are overly general or overly specific, that will serve to
disconfirm this assumption.

5.2 Overview u, Results

The results of the experiment are fairly complex, so I will first summarize them in this section before reviewing them in
detail in the remainder of this chapter. The results of the reading simulation experiment suggest that the schemas are of
considerable benefit. The behavior of the schematized subcircuits was consistent across readings, leading to many cases of
transfer and a large decrease in the number of simulation cycles initiated, the most interesting of the performance metrics.
Cumulative cycles for the entire learning condition fell 38% compared to the non-learning condition, suggesting that the acquired
concepts may be able to confer some benefit to a reader program.

Furthermore, the acquired schemas were generally consistent with expert intuitions. Their quality validates the assumption
that acquisition of high level concepts in the electronics domain requires little or no induction. The chief exceptions to this
finding will be discussed below.

The performance of the system as revealed by run times is somewhat ambiguous. There were a number of very clear
reductions in CPU times, but there were also a few readings which ran slower in the learning condition, resulting in a 5% increase
in cumulative reading time. There are a number of factors accounting for this. There was some over-generalization in the
learned structure definitions which, while it did not lead to any erroneous reasoning about those structures, diminished the
computational efficiency of the system. Furthermore, the present system is far from optimal in computational support for pattern-
matching and pays a higher price than necessary for the acquisition of new rules.

The remaining sections discuss first, the validity of the acquired schemas (5.3); second, their utility according to a relatively
implementation-independent metric, namely simulation cycles (5.4); and third, their utility as measured by actual run times for
reading comprehension (5.5).
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5.3 Validity of the Acquired Schemas

Before beginning a reading, the system does a complete parse of the circuit. This parse includes instantiation of the newly
acquired schemas. It is therefore a fairly simple matter to check the validity of the acquired schemas, by comparing the circuit
parse with the intuitions of an electronics domain expert. The question of their validity then amounts to whether the learned
schemas were found where they were expected and not elsewhere. By and large the acquired schemas were instantiated in a way
that is consistent with human intuitions, but the discrepancies are revealing and I will discuss them at some length, and show how
additional learning mechanisms and heuristics can address these problems.

Multiple Schema Instantlations

There was some tendency to instantiate schemas multiply. This can be seen especially in the schematization of the SVR
circuit (see Figure 5.3). There we find two instantiations of the cathode bias amplifier, each based on tube T2. They can be
distinguished according to the bias element they identify. The purpose of the bias element as stated in the training reading is to
raise the voltage of the cathode above the ground level. This constraint can be satisfied either by the potentiometer R3 or by the
load. Actually neither of these is a very good example of a cathode bias amplifier, so it is difficult to prefer one or the other of
these analyses: they are both counter-intuitive.

The schematization also identifies two regulator tube circuits: one that pairs the regulator tube with the resistor RI and
another that pairs it with the tube Ti. Again the difference is not significant as far as our ability to correctly analyze the behavior
of the voltage regulator, but a human expert would prefer pairing RI with the regulator tube. This touches on general knowledge
about design, i.e. every part of the structure has some function. T1 is recognized as part of a triode amplifier, but RI has no
function aside from its association with the regulator tube. Also the corresponding component in the regulator circuit training
reading is a resistor. The practical consequence of these multiple instantiations is that reasoning about all of them takes extra
time without yielding any benefiL

2 Cthode Bi Ampifis

V4.

2 Regul or Tube C,,cuae

Figure 5.3. Schematization of stabilized voltage regulator showing multiple instantiations of two component schemas.

Overgeneralizatlon

The system suffers from a tendency to overgeneralize. Figure 5.4 shows the range of this effect in the case of the schema
acquired for the cathode bias amplifier. Circuit (a) is the training circuit including a vacuum tube, plate resistor above and bias
resistor below. Beneath are two circuits which the acquired schema successfully parsed. Subcircuit (b) varies from a typical
amplifier by having a voltage regulator tube in place of the bias resistor. Classifying it as an amplifier may be described as
creative, but justifiable. Subcircuit (c) has a potentiometer in place of the bias resistor and no plate resistor. To label it an
amplifier is a violation of expert intuition.
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Figure 5.4. Overgeneralization of acquired schemas (a) in the training circuit
for the cathode bias amplifier. (b) and (c) are instantiations of the schema.

The CAMP schema inherits its overgenerality from a component schema, the triode amplifier. Figure 5.5 shows the original
training diagram for that circuit (a). The only behavior claimed for this circuit is that when grid voltage on the triode changes in
one sense, voltage across the tube will change in the opposite direction. EBL analysis shows that the only constraint this
behavior imposes on the structure of the circuit is that the triode must be in series with a resistive element. The resistive element
is not necessarily above or below the triode. The other circuit of Figure 5.5 (b) shows a structure which meets this constraint and
exhibits the same behavior as the original amplifier. If the resistor of this "inverted" amplifier is replaced by a potentiometer, the
result is the doubtful overgeneralized cathode bias amplifier, Figure 5.4 (c). This is actually a specialized amplifier circuit, the
"cathode follower," which provides no amplification of voltage.

(a) (b)

'7 (a. ) 7

Figure 5.5. (a) Training circuit for triode amplifier, (b) overgeneral instantiation.
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From this example, I conclude that knowledge of how electronic circuits work is not always sufficient to constrain structural
definitions for common circuit categories. Similarity-based heuristics principles are also needed. With similarity-based
heuristics, the system could further constrain the acquired amplifier concept to include the fact that the resistor is above the
triode.

It would also be possible to limit overgeneralization by incorporating knowledge of additional design principles into the
learning algorithm in a simple heuristic. As mentioned in Section 4.6, the EBL algorithm has already been modified so
references to the same structure found at different points in the explanation are merged into a single clause in the resulting rule.
This specialization reflects a design heuristic, namely that if one component satisfies several constraints, then that economy is
probably deliberate and will also characterize other versions of the device.

A second modification along similar lines would require that references to different structures in an explanation not be
allowed to match a single structure when applied as a rule. This can be justified by supposing that if a single component were
really capable of playing roles originally filled by several, then the training circuit would have taken advantage of the economy as
well.

This heuristic might have prevented overgeneralization of the CAMP schema since the training circuit for CAMP, Figure
5.4 (a), shows two resistors: the one above the triode is the plate resistor and the one below it is the cathode bias resistor. If the
explanation produced for this circuit references both of them as well as the triode, then the proposed heuristic would generate a
rule requiring three separate components. This rule would not apply to the doubtful amplifier shown in Figure 5.4 (c).
Unfortunately, not all explanations of CAMP include references to both resistors, which points to another general design
principle which would benefit the system: every component has some purpose. If it is necessary to choose between an
explanation which references every part of the device, and one that references only some, the system ought to adopt the former.

5.4 Utility of the Acquired Schemas: Cycles

In this section I discuss the gains due to reasoning with the acquired circuit schemas. As explained in Section 4.4, circuit
simulation is structured as a series of cycles during which each forward-firing rule is matched to the database in all possible
ways. The learning effect of the EBL module can be seen in a reduction of the number of cycles required to process many of the
readings. Since EBL introduces additional rules that do not preclude firing the old ones, in the worst case, i.e. if the new rules are
of no use, the reading will require just as many cycles in the learning condition as in the non-learning condition. Thus the
number of cycles gives a best-case estimate of the performance of a hypothetical system in which the cost of adding additional
rules to the system is negligible. As an approximation, we may be willing to assume this is the case for people and that an
efficient pattern-matching architecture would make it true for computer programs as well. With that caveat, we can proceed with
a detailed analysis of the cycle data.

The cycle results on the whole are quite good. They confirm most of the predictions we would have made based on intuitive
analysis of the reading suite. A tabulation of the cycle savings is included in Table 5.1. Table 5.1 shows the number of cycles in
both the non-learning and learning conditions as well as the percentage improvement (i.e. decrease). This is shown graphically on
a reading by reading basis in Figure 5.6 and on a cumulative basis in Figure 5.7.
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Figure 5.6 Effect of learning on cycles.

To explain how the number of cycles is determined, Figures 5.8 through 5.11 show a trace of which operators are applied
during the readings. As an example of how to interpret these diagrams, consider the reading, REGI in Figure 5.8. In both
conditions, the system produces an explanation using the three-operator sequence, R-LOAD, R-REGTUBE, R-RV. In the
learning condition some of that explanation is generalized to form the new operator, NR-REG, as indicated by the bracket. The
first operator is not used in the new rule because it refers to the load which is not a part of the device being learned. In reading
REG2, the non-learning condition applies operators R-VDIV, R-REGTUBE, and R-RV, but in the learning condition, the last
two operators in this sequences are replaced by NR-REG, reducing the cycle count by one. The schema acquired in REG2, NR-
REGB, has an even more important effect on reading REG3 which requires only one cycle, since readings REG2 and REG3 are
complementary (see Section 3.4). SERI and SER2 are also complementary readings, so the single new rule NR-SER suffices to
explain all of SER2.
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Table 5.1.

Simulation cycles required in each condition.

Cycles

Reading No-Learning Learning Improvement

REGI 3 3 0%
REG2 3 2 33%
REG3 3 1 67%
SERI 3 3 0%
SER2 3 1 67%
AMP1 2 2 0%
AMP2 2 2 0%
CAMP 2 1 50%
TAMP 4 2 50%
VR1 7 5 29%
VR2 2 2 0%
SVR1 7 2 71%
SVR2 9 5 44%
TOTAL 50 31 38%

In contrast, no saving is observed in AMP2 (Figure 5.9), even though the rule acquired in AMP1 does transfer. The problem
is that AMP2 describes aspects of amplifier behavior that AMPI does not touch on. Thus even though the system can incorporate
NR-AMP into the final explanation produced for AMP2, it has to supplement use of NR-AMP with a retreat to reasoning on the
basis of first principles, including again firing the operator R-TUBE despite the fact that some of the logic supported by R-TUBE
has already been captured in NR-AMP. The AMPI reading only reasoned about the vacuum tube's signal inverting function,
while the AMP2 reading depends on the tube's amplification property.
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Figure 5.7. Effect of learning on cumulative cycles.
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REGI R-LOAD R-LOAD
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REG3 A-VOIV $NR-AEGB
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SER 4PAUBE ( WTUBE

4 -A.-CHOE NR-SEA - 4-V-HK
A-CaMPy R-COMPV

SER2 $ -TUBE $NA-SEA

Figure 5.8. Operator trace for the regulator tube circuit and the series tube controller.

NO LEARN1ING LEARNING

AMPI $ -JE NA-AMP . R -TU1BE

$ -RV A-AV
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A-AV. A-CHOKE $RAP A -CHOKE.A-TUBE

CAMP $ ATIJ8E NA-CAMP - 4NA-AMPB

TAMP RA-UBE 4N-CAMP

R -TUBE

Figure 5.9. Operator trace for the triode amplifier, cathode bias amplifier. and two state amplifier.
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The reading CAMP largely duplicates the behavior asserted in AMP2, while also pointing out the peculiar property of a
cathode bias amplifier, i.e. its cathode bias. This bias is proved with acausal reasoning; therefore the operators used to support
reasoning in AMP2, as summarized by the new operator NR-AMPB, are sufficient to process CAMP. As TAMP is a two stage
amplifier, it is not surprising that reasoning there has been reduced to two application of NR-CAMP, versus the four operator
cycles in the non-learning condition.

In VRl (Figure 5.10), the sequence R-TUBE, R-RV appears twice in the non-learning condition. In the learning condition.
each pair is captured by NR-CAMP. In the case of the second pair, this is not optimal since NR-SER would in fact reproduce the
entire three-operator sequence R-TUBE, R-RV, R-COMPV if it had been fired before NR-CAMP, thereby eliminating one cycle
and simplifying the final explanation by using only NR-SER where a hybrid of NR-CAMP and NR-SER is currently required.
(As mentioned in Section 5.3, applying NR-CAMP to this part of the circuit is the result of overgeneralization.) No transfers to
VR2 were expected or found.

SVR1 (Figure 5.11) is the same reading as VR1 applied to a circuit with a small but important difference, the regulator tube
Tr. The entire VR1 explanation has been learned and when applied to SVR1 reduces the simulation to firing just two rules. One
might expect that since SVR1 is the same text as VR1, the rule learned from VR1 should be 'he only one required to process the
latter reading, and th. appearance of NR-CAMP may seem surprising. Actually, the explanation produced for VR I includes all
but one of the propositions of that reading. It leaves out a reference to changing current which occurs halfway through VR1. The
system was able to prove all subsequent propositions of VR1 without reasoning further about that changing current, therefore the
change does not turn up in the explanation structure or in the rule NR-VR. When the changing current is mentioned in SVR1, the
system must retreat briefly to reasoning on the basis of first principles to make up for the omission. With respect to the current
system, the changing current could be described as irrelevant or a distraction. But this is not to say that the reference to the
changing current is superfluous in an absolute sense. There are two explanations consistent with the VR1 reading, and one of
them includes the changing current, but the system happened to find and generalize the other.

NO LEARNING LEARNING

VR2 $ R-LOA [ R-LOAD

4 R-VDIV R-VDIV

4 R-TU13E NR.VR = NR-CAMP

4 R-RV. R-CH-OKE fNR-CAMP
4 R-TUBE + N-E

$R.COMPV

VR2 R-VDIV R-VDIV

R-VDIV $R-VDIV

Figure 5.10. Operator trace for the voltage regulator.
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R-COMPV

SVR2 4 R-VDIV, R-VDIV

4R-VIv

4 R-REGTUBE

A R-RV

4 A-AVE

4' A-TUBE

R-RV

R A-COMPV

Figure 5.11. Operator trace for the stabilized voltage regulator.

SVR2 shows three cycle-saving transfer effects: NR-REGB has replaced the sequence R-VDIV, R-REGTUBE, R-RV; the
following NR-CAMP replaces the sequence R-TUBE, R-RV; and the pair of new rules NR-CAMP/NR-SER has again preempted
the sequence R-TUBE, R-RV, R-COMPV.

5.5 Utility of the Acquired Schemas: Reading Times

Since the circuit parse is an exhaustive search for schema instantiations, adding new schema definitions must require more
parsing time. The effect is increasingly pronounced with each learned schema, and SVRl requires 35% longer to schematize in
the learning condition than in the non-learning condition. The time in CPU seconds required to parse the circuits in each
condition of the experiment is shown in Table 5.2. The general deterioration reflects the fact that no attempt is made to optimize
the learned structure definitions, but more importantly, the formulation of the schema instantiation process as an all-solutions
search undercuts all possible gains from EBL during circuit analysis.
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Table 5.2
Circuit analysis times (CPU seconds) in each condition.

Circuit Analysis Times

Reading No-Learning Learning Improvement

REGI 50 50 0%
REG2 51 51 0%
REG3 50 53 -6%
SERI 27 36 -33%
SER2 28 30 -7%
AMP1 31 30 3%
AMP2 28 30 -7%
CAMP 36 39 -8%
TAMP 55 65 -18%
VRl 92 109 -18%
VR2 90 111 -23%
SVR1 121 163 -35%
SVR2 137 162 -18%
TOTAL 796 929 -17%

In the rest of this section. I dicuss the results of the experiment in terms of the time elapsed during the text analysis phase.
As with circuit analysis, addition of new rules increases the potential cost of pattern matching. But since reading is not modeled
as an exhaustive search, we might hope that the computational utility of the acquired schema rules would lead to a net reduction
in reading times. Table 5.3 presents the reading times in CPU seconds and they are graphed in Figures 5.12 and 5.13. In about
half the readings, strong net reductions were observed. However in two important readings the system performed so much
slower in the learning condition, that cumulatively, reading time increased by 5%. The problem is especially severe in VR1 and
VR2, because all the learned schemas have been successfully instantiated, often leading to futile evaluation of the rule
preconditions for each schema instantiation on each cycle.

Table 5.3.
Reading times (CPU seconds) in each condition.

Reading Times

Reading No-Learning Learning Improvement

REGI 30 30 0%
REG2 28 15 46%
REG3 38 9 76%
SERI 32 35 -9%
SER2 28 11 61%
AMPI 13 16 -23%
AMP2 25 29 -16%
CAMP 34 25 26%
TAMP 71 40 44%
VRI 127 228 -80%
VR2 53 134 -153%
SVRI 135 78 42%
SVR2 1168 1226 -5%
TOTAL 1782 1876 -5%
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Because the current system, like most Prolog implementations, does not include an efficient algorithm such as a rete matcher
(Forgy, 1982) to minimize the cost of the additional rules, the overall picture revealed by the readings times is overly pessimistic.
Looking at individual readings, it is clear that there are really two major effects on reading times. One is that successful use of a
new rule can drastically reduce reading time by preempting the firing of less relevant rules. This can be seen in SVR1 (42%),
REG3 (76%), and SER2 (61%). The other effect is that the new rules themselves are often irrelevant to achieving the current
goal. In such cases the cost of matching them outweighs the benefits of the First effect. This happened in readings VR 1 (-80%)
and VR2 (-153%).

00o

-- 0- No Learning

Learning

200

Ioo.

REGI REG2 RE3 5 ERI SER2 AMPI AMP2 CAMP TAMP 1R VP2 5VR1

Readings

Figure 5.12. Effect of learning on reading times.

Furthermore, the new rules were slower to match than the old ones. This is partly due to the multiple instantiation problem
(see Figure 5.3). since multiple instantiation of the structural definition often leads to a series of related (and expensive) queries.
As an example, consider T2 in the voltage regulator. While processing reading VR1 in the non-learning condition, the system
applies rule R-TUBE to T2 and generates a single query regarding the voltage between the tube's grid and cathode. In the
learning condition, as a result of the two instantiations of the cathode bias amplifier, there is also a query about grid voltage
relative to the potentiometer midpoint and another about grid voltage relative to ground. One might attribute this multiplication
of queries to the very conservative strategy of maintaining all structure instantiaions. In this case, T2 serves as principal
component for instantiation of two cathode bias amplifiers and also for a series tube controller not shown in Figure 5.3. A better
strategy might be to generate a preference for retaining only one of these.
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Figure 5.13. Effect of learning on cumulative reading times.

Another reason for the expense of the three new rules NR-SER, NR-CAMP, and NR-AMPB is that each of them
incorporates R-TUBE, which is by far the most expensive rule in the original rule set. R-TUBE has a precondition which lends
itself to a long search through transitive acausal reasoning. The ambiguity created by the multiple instantiations interacts with the
high cost of the these rules to generate a number of costly, and essentially pointless queries, greatly slowing the processing.

Although the overall utility of the acquired schemas in reducing reading times was negative in this system, we cannot
conclude what their net effect would be in an implementation optimized for performance. The greatest losses were due to
repeatedly matching preconditions of acquired schemas. By the nature of the EBL process, this matching is highly redundant. It
should be emphasized that the current system only begins to take advantage of this redundancy. With a rete-like matching
architecture, the cost would be considerably reduced.
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Chapter 6

Problems and Limitations

During development of the reader program, a number of its limitations became apparent. In this chapter, I discuss the most
notable ones. The first relates to reasoning about circuits at different levels of abstraction. By learning schemas, the system is
able to reason about circuit behavior in terms of large subcircuits rather than individual components. In Section 6.1, I will show
that the readings presented here did not always take advantage of this.

In using EBL for learning concepts as complex as circuit schemas, it has become apparent that despite the technique's broad
applicability, it does have certain limitations, which I will discuss in Section 6.2. This became particularly noticeable when I
tried to apply EBL to the multi-state simulations required for analyzing A.C. circuits (Section 6.3). Finally, work on the domain
theory has shown that practical electronics is by no means a straightforward, easily implemented theory. I will present some of
the subtleties of reasoning in the domain in Section 6.4.

6.1 Treatment of Acquired Schemas: Glass Box vs. Black Box

The schemas used to organize the electronics domain are hierarchical. The concepts lowest in the hierarchy correspond to
single components while the highest may describe a large subassembly of parts. It is therefore possible to reason about a given
circuit at different levels of abstraction. That is, if the cathode bias amplifier or the series tube controller really constitute useful
subcircuits, then it ought to be possible to reason about them in terms of inputs and outputs. ignoring the details of intermediary
behaviors; but many of the readings violate this principle.

As an example of a reading which delves into details, consider the component-based explanation taken from the test suite
shown in Figure 6.1. In lines 4 and 6, it mentions two events that take place strictly inside the major subcircuits. The change in
current through TI is a detail about how the cathode bias amplifier works, and the changing resistance of the series control tube
T2 is taken from the middle of the series controller tube reading. By citing these events, the reading is reasoning in terms of
individual components rather than in terms of major subcircuits. Thus the schematic subcircuits have to be treated as glass boxes
with internal events available rather than as black boxes.

The explanation on the right shows how a few modifications can correct this. The two events in lines 4 and 6 are deleted,
but since the change in grid voltage of T2 corresponds to the output for the amplifier, line 5 remains. Likewise, changing output
voltage is part of the function of the series tube controller, so mentioning it in line 7 is consistent with reasoning about the circuit
at the more abstract level.

Thus one guideline that could be suggested for instructional prose in this domain is that an explanation should be crafted in
terms of black boxes, i.e. the most abstract schemas that the student is supposed to know. More specific schemas will amount to
rehashing the internal behavior of devices the student has already understood.

In addition to the voltage regulator reading, other readings in the test suite fail to meet this principle, and I therefore
designed the system to support comprehension of these sub-schema digressions. The interior behaviors of the acquired schema
are saved so that later discussion of them can be matched to the learned rule. The systems performs well whenever a later
passage happens to match the argument of the training instance. However, suppose that a given domain theory supports more
than one explanation for the device's behavior. If the rule is formed on the basis of one explanation and a subsequent reading
sketches the alternate rationalization, then the system will be unable to match any claim where the accounts diverge. Instead, it
will be reduced to rederiving the behavior of the device from first principles. This effect was observed in SVR1 (see Section
5.4).
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Figure 6.1. Explanations and schema abstraction. The black-box based

reading never refers to the behaviors within a schematic subcircuiL

An alternate way of handling intra-schema behavior is to treat claims about internal behaviors differently. For instance
they could be ignored, provided that the balance of the passage was verified. Or perhaps such material is a source of difficulty
both for people and EBL-based systems and should be deleted by the author. If the readings followed the black box principle,
considerably less would need to be stored in the rules, since internal behavior would no longer be included. Perhaps more
importantly, if learned rules did not add internal behaviors to the data base, time required to compute their implications during
simulation would be saved.

6.2 Limitations of EBL

This work has been based on the decision to use only EBL in modeling transfer of knowledge during reading and as a result,
we are in a position to identify some of possible limitations for the application of EBL to problems similar to those treated here.
First and foremost, EBL produces rules which are redundant with the domain theory. In a search for a single solution, this
redundancy may lead to a faster solution. But in a computation of all solutions, there can only be a deterioration in performance
through addition of redundant operators. Efficient pattern-matching can limit this problem, but not eliminate it. This sort of all-
solutions approach has seemed a natural approach to parsing electronic circuits, but it is a style of computation where EBL
cannot confer a computational advantage. The disutility of redundant learning when goal failure is expected has also been
documented in Markovitch and Scott (1989) which suggests using derived rules only when a goal is expected to succeed.

A closely related limitation in the applicability of EBL is how it can disrupt search for an optimal solution. In this project,
reading comprehension has been modeled as proof completion. This becomes complicated as soon as the system can produce
more than one explanation for a given text assertion. The explanations may differ in several ways. They may refer to different
pieces of circuit structure and behavior, leading to significantly different schemas and simulation rules depending on which
explanation is used as input to the EBL generalizer. Not all explanations are equally good. When reasoning is heuristic, a shorter
explanation is generally more reliable than a longer one. A common way of implementing this is to choose the briefest
explanation, i.e. the first one produced by a breadth first search.
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Unfortunately, this design is inherently at odds with the use of rules obtained from macro-creating techniques such as EBL.

Consider Figure 6.2. In the original problem solving that supported acquisition of a new rule (Figure 6.2 a) a solution three cycles

in length was found. In subsequent problem solving (Figure 6.2 b), the new rule is successfully used on the first cycle, but a
solution two cycles in length would have been found if search had continued. This shorter solution has been hidden by the new

rule, which although it requires only one cycle to apply, is based on three cycles of original reasoning and therefore suboptimal.

This effect can also interfere with the use of breadth-first expansion to simulate time. When this approach is used, circuit

behavior can be compared to the effect of a stone thrown in a pond where ripples of change extend uniformly in all directions
(i.e. along all possible causal paths). Learned rules can wreck this metaphor by introducing a set of changes that races ahead of
other developments in the circuit. If there is some interaction between the different effects, introduction of EBL-acquired rules
may actually change the nature of what other behavior can be inferred from the circuit This is surprising since generally one
would like to assume that introduction of redundant rules cannot change the inferential behavior of the system; but under these
circumstances, EBL has just this effect.

(a) Onginal problem solving

GOAL

(b) Problem solving after learning

GOAL

Figure 6.2. EBL and search for optimal solutions.

These last two problems are very similar. They both assume that the size of the solution is relevant, in one case because
short solutions are more reliable and in the second case because steps in the solution correspond in a general way to the passage
of time. Once macro operators are introduced, it is no longer clear how to judge the size of solutions using them.

One approach to solving these problems is to abandon the commitment to learning a single rule for each schema structure's
behavior and instead use EBL to learn or refine knowledge about when to use individual operators, i.e. by refining the
preconditions of individual operators. As seen in systems like LEX (see Section 2.3), this approach uses problem solving traces
to better define the conditions under which a single operator is likely to lead to a solution. Since learning is confined to control
knowledge, the number of operators required for a solution does not change. The drawback to this approach is that it may
conflict with our intuitions about what a student knows after reading an explanation of a voltage regulator. In a LEX-type
approach, the system would improve in its application of first principles in the context of a voltage regulator, and therefore may
end up reasoning more efficiently about a voltage regulator in the future. But it learns no single rule or concept that describes
how a voltage regulator works and this seems inconsistent with the goal of instruction in the practical electronics domain.

A final limitation on the technique involves the complexity of the search spaces to which EBL is applied. Ideally, EBL
operates in a large homogeneous search space in which a great deal of search is performed to construct fairly long solution paths
and the computational effort of reproducing it is replaced by the firing of a single new macro rule. In contrast, a macro rule
derived from a short solution path can replace only a modest amount of computing. One of the striking aspects of this work has
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been that searches through the operator space in this domain have typically produced solutions one and two operators deep,
giving EBL only limited potential for improving processing.

The short solution paths reflect the fact that the operator space is only part of the problem solving required to process a
reading. A good deal of the important inferencing that supports the short operator search is done during the circuit parsing
routine which precedes text processing. In all the simpler circuits, this pre-reading phase requires more time than the actual text
processing, but due to the exhaustive nature of the circuit-parsing computation. EBL is not appiled to circuit parsing. Another
large portion of the problem-solving is search among backward-firing rules. When they occur in the explanation structure, EBL
includes them in the single new operator derived from the explanation. Hence, the operator includes a composition of some
backward-ftuing rules, but this composition is not available independently of the new operator. It is used only to satisfy a goal
generated by the new operator. When any other operator or backward-firing rule generates that goal, the system resorts to a less
focused search through the original domain theory.

6.3 Combining EBL and Multi-State Simulations

Although EBL worked well when applied to the D.C. circuits of the last chapter, I discovered serious problems when I tried
to extend the learning technique to cover certain A.C. circuits, This has important implications of the applicability of EBL and
suggests that EBL may not be suited to some domains.

At the beginning of this project, I planned on demonstrating the feasibility of the reader/lemer program by using it to acquire
all the basic circuits needed for a radio. I began working toward that goal by focusing on tuned circuits and oscillators, shown in
Figure 6.3. The instructional materials I have worked with (VanValkenburgh, Nooger, and Neville; 1966) analyze the tuned
circuite in order to explain the basic mechanism of oscillation, neglecting any losses due to the resistance of the coil and wire.
They then point out these losses and explain the necessity of feeding the signal back into the tuned circuit to maintain
oscillations, as in the Armstrong oscillator. The behavior of each circuit is traced out in detail, and familiarity with the first
passage is clearly considered a prerequisite to comprehending the second passage.

a)

b)

Figure 6.3. A tuned circuit (a) and the Armstrong oscillator (b).
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Simulating these circuits is considerably more complicated than simulating D.C. circuits. D.C. circuits respond to change
with a simple qualitative increase or decrease in output. whereas the tuned circuits generate signals. It was nevertheless possible
to simulate them by representing the signal as a sequence of qualitative state as described in Section 4.7 A.. earlie- ,sion of
the reader/learner model used such a simulation of the tuned circuit to devive a rule predicting its b.A -- : -T. i. _Lle
successfully predicted the behavior of the tuned circuit during ismulation of the Armstron oscillator, reducing both the number of
cycles and the CPU time required for simulation. On the basis of those results, I assumed that EBL would apply to both D.C. ad
A..C. circuits.

A.C. VOLTAGE SOURCE

RECTIFIER CIRCUIT

D.C. POWER SUPPLY

LOAD

Figure 6.4. Three structurally related A.C. circuits.

I next turned to power supplies, another important radio component. The instructional materials contained a sequence of
three increasingly complex circuits designed to gradually lead a student to an understanding of a D.C. power supply. That
sequence is shown in Figure 6A and consists of an A.C. power supply, a full-wave rectifier circuit, and finally, the D.C. power
supply itself. These three circuits have very similar structure. The second includes the first as a subcircuit and the third includes
the second. Intuitively the behavior of the circuits is also closely related. This can be seen by inspecting the (qualitative) wave
forms they generate as shown in Figure 6.5. Each wave form shows the circuit's output voltage. The rectifier inverts the
negative portions of the A.C. wave, making the voltage always positive. The capacitor of the power supply smooths the wave
leaving a relatively modest ripple. Each ef these circuits prepares the way for analysis of the next circuit and actual instructional
materials discuss and compare all three. Since studying this sequence in order is supposed to facilitate human learning, I
assumed they would also lead to a learning effect when processed by the reader/learner system.

Like the oscillator, these three A.C. circuits were simulated using the multi-state techniques of Section 4.8. and resulted in
the qualitative A.C. signals shown in Figure 6.5. The explanations produced by the simulation wre prefectly satisfactory and
would have been adequate input to the EBL procedure. However, it was clear that a rule obtained from the second circuit could
not apply to the third circuit despite their similarity. This can be seen in Figure 6.5. In isonlation. the rectifier circuit produces
pulsating D.C. at thits output (marked * in Figure 6.4), whereas in the D.C. power supply, this same voltage is a ripple. If the
system learns to predict a pulsating pattern from analysis of the second circuit. then it has constructed a rule that either fails to
apply to tht third circuit, or does apply but makes an incorrect prediction.
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In these two circuits, the rectifier subcircuit is not consistently associated with a single behavior. Instead, the capacitor
interferes with it, so that it generates a new behavior. This points out the basic limitation of the model of transfere that underlies
the system and to some extent EBL itself. Generally I have assumed that a circuit which exhibits some behavior in isolation will
exhibit the same behaior when it appears in combination with other components. In that case, the behavior of a complex device
can be derived by composing the behavior of its subcircuits. Let us cal Ithis the composability assumption.

VOLTS A.C. VOLTAGE SOURCE

VOLTS RECTIFIER CIRCUIT

TIME

D.C. POWER SUPPLY
VOLTS

TIME

Figure 6.5. Output voltage for three A.C. circuits.

Each circuit in the test suite satisfies the coposability assumption. This is probably due to the fact that all the circuits of the
test suite could be simulated in a single state. Single-state simulations are shorter than multi-state simulations and offer less
chance for interactions among the componenets. Whithout these interactions, the behavior of the components can be determined
locally so that the same structure produces the same behavior regardless of its environment, thus justifying the composability
assum[tion.

Clearly the non-composable A.C. circuits have something in common, but for a student to benefit from this similarity may
require tha ability to recall the behavior of the earlier circuit and then reason about how the addition of other sturctures. such as
the capacitor in the third circuit, leads to a modification of it. The textbook graphic of the third circuit (Figure 4.16) invites the
reader to do some analysis along these lines by overlaying the output of the third circuit with the output of the second circuit,
shown as a dotted line.

In summary, all D.C. circuits investigated here gave rise to useful EBL-generated rules. Furthermore, at lease some A.C.
circuits can be expected to generate rules which will transfer successfully to more complex devices, but more importantly, there
are clearly some A.C. circuits whose behavior cannot be caputred in this manner.
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6.4 The Subtleties of Practical Electronics

The domain theory used here is based on a novice understanding of practical electronics. This lead to a number of
problems. One of the most subtle concepts dealt with by common-sense electronics is feedback. In this system, feedback is
represented only in terms of the concept "constant". Keeping some voltage constant in the face of variation in other voltages is a
common theme in several of the readings. Intuitively, the concept of feedback, which in the readings is always negative, is a
causal chain that doubles back on itself with a negation of its first proposition. Thus, if a decreasing voltage at some point
initiates a series of changes leading up to an increasing voltage at that same point, we have established a pattern of negative
feedback and can argue that voltage between the two points will be constanL However, formally we have had to sanction a
contradiction as being meaningful. This means we cannot include in the architecture the general assumption that contradictory
propositions may not be added to the database!

Another subtle point is the use of non-monotonic reasoning which is especially clear in connection with the mythical fixed-
voltage battery. A useful approximation in common-sense electronics is that the voltage across a voltage source is fixed. It is
not always justified, however. The voltage regulator readings VR2 and SVR2 assume as an initial perturbation that the source
voltage changes. To provide for this, some of the rules have taken on a nonmonotonic flavor. Thus rather than basing some
inference on the requirement that a voltage source be present, they may require both a voltage source and no assertion that its
voltage has changed. A piecemeal approach to non-monotonic logic has proved adequate with respect to the reading suite
examined here, but has probably slowed development.
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Chapter 7

Conclusions

The goal of this project has been to test the feasibility of automated reading as a knowledge acquisitien method for technical

domains such as electronics. This is a promising approach for several reasons. It offers the possibility of using existing technical

literature as a knowledge source to minimize the burden of knowledge engineering. Furthermore, the development of qualitative

reasoning means robust general domain theories will be available for technical domains sooner than for most other knowledge

domains. Finally, given the availability of a domain theory and the prevalence of explanation as a way of conveying technical

concepts, these fields seem to offer a chance to apply EBL with almost no need for inductive techniques.

7.1 Conclusions Relating to EBL

1. The system used EBL to acquire a set of circuit schemas from the practical electronics domain and was able to use those

acquired concepts in comprehending new, more complex circuits. These schemas captured the intuitive content of the
instructional materials, and their role in enhancing comprehension of subsequent passages has been documented by the resulting
reduction in simulation cycles.

2. The computational benefits of using EBL depend critically on efficient pattern-matching to overcome the effects of
increased processing as more rules are learned.

3. Integrating the macro-like rules generated by EBL into more primitive domain theory reasoning can raise a number of
technical problems by making the significance of solution length unclear.

7.2 Conclusions Relating to the Practical Electronics Domain

1. Domain theory alone is not sufficient to eliminate all ambiguity from explained concepts. Partly this is because the
domain theory is bound to be approximate and therefore will lead to overgeneralized concepts. In addition there are constraints
beyond the domain theory which reflect the fact that the circuit is a designed entity. This knowledge of design goals is typified
by two broad principles for learning device structure: constraints that were satisfied by a single component in the training
instance should also be satisfied by a single component in the later instances; and constraints satisfied by distinct components in
the training instance should be satisfied by distinct components in later instances.

2. Acquired knowledge of a single new complex concept such as a category of circuits should not be represented by
addition of just one rule. Rather, reasoning with complex concepts almost certainly involves searching through more than one
problem space and new rules should be learned for each space. The domain theory used here was very simple, but it included
three spaces: one all-solutions, forward-chaining search for schema instantiations, a forward-chaining application of operators,
and a backward-chaining search for acausal inferences. The new rules represented problem solving in the last two spaces and
were integrated only in the second of the two, so that problem solving improvements could only be realized there.

Extending the system to handle multi-state simulations makes this problem more acute since the sort of envisionment
approach outlined in Chapter 4 creates additional search spaces due to the distinction between the knowledge used to elaborate
the implications of any one state, which is domain-specific, and the knowledge used to reason about state transitions, which is
largely domain-independent. Thus, rather than limit the new concept to be incorporated into just one search, it can be represented
by acquisition of many new rules, one for each goal achieved in a homogeneous subspace.

3. The chief bottleneck in developing systems such as the present one is not the learning mechanism, but the domain theory.
Initially, I assumed that a very simple domain theory would be sufficient to understand the fairly simple circuits I was working
on, since the reading describing the circuit's behavior should allow the system to disambiguate an approximate theory.
Furthermore, in hopes of also using the system as a cognitive model, I wanted to restrict the domain theory to the typical student's
understanding of basic electronics. This restriction made it impossible to simply adopt qualitative reasoning theories pioneered
by other researchers since those theories rely on some rather sophisticated heuristics and use of a truth maintenance system.

4. The link between the structure and function of electronic circuits is complex. The use of EBL in this project assumed
that the behavior of a complex circuit can be computed by composing the behavior of familiar subcircuits. The attempt to extend
the system to A.C. circuits such as the D.C. power supply has shown that this assumption is not always justified.

56



Nevertheless I have found it necessary to incorporate more and more of the rigor of qualitative reasoning to ensure the
validity of the simulations. The reading was not especially valuable as a means of eliminating ambiguities and in retrospect.
beginning the project with a full-fledged qualitative reasoning system like QSIM (Kuipers, 1984) might have sped development
of the domain theory.

In many ways, this work has confirmed a finding generally occurring in educational applications of AI: it is more difficult to
represent a student's understanding of a domain than to represent the expert's understanding. An example of this is the distinction
between negative feedback and contradiction. For a student. negative feedback is usefully approximated by a change which
ultimately causes a countervailing change, as when the increasing output voltage of a voltage regulator leads to a decrease in that
same voltage. But sometimes this pattern occurs where no feedback is intended, in which case it represents a contradiction. The
student has no principle for distinguishing these two interpretations. Another difficulty in developing the theory has been
nonmonotonicity, discussed above.

7.3 Conclusions Relating to Instruction

Because an automated reading system must address some of the same problems a human reader faces, there is some
potential for using the system as a basis for modeling human learning from text. Equipped with such a model, it might be
possible to develop authoring aids able to critique explanatory prose in terms of its content. This project offers such a model for
the specific case of instructional readings from the practical electronics domain. Electronics has a fairly small, fairly complete
domain theory. The remaining content of the field can be organized as a hierarchy of higher-level concepts, each of which
represents an application of the domain theory. More generally, the current EBL-based approach could be applied to any domain
in which a small, more or less complete domain theory is presented prior to study of a series of increasingly complex applications
of that theory. This may include such fields as math, geometry, chemistry, and engineered systems. Given a domain of this tpe.
instruction can naturally be developed around a series of hierarchically related explanations.

Future research may show the learning processes of the computer system are similar to those at work in human learning
from such instruction. We may venture that if the performance of the computer system corresponds to human learning, then it
suggests the following guidelines for the design of explanatory text:

1. The hierarchy should be presented systematically. Development of a concept should follow development of the
lower-level concepts on which it depends.

2. Each explanation should present one higher-level concept from the hierarchy. This enables the student to identify
the concept to be learned. Another system making use of this principle while learning from examples is VanLehn's
Sierra (1987).

3. Each part of the example for a concept should be included in the explanation to ensure its inclusion in the acquired
concept. Explanations that omit important components give rise to overgeneral schemas (see Figure 5.4) which hurt
comprehension by allowing the associated behavior rules to fire inappropriately.

4. Assist the student to correctly instantiate the acquired schemas, for example, by identifying instances graphically.
This is another chance to avoid the problems resulting from parsing with overgeneral schemas.

5. Once a higher-level concept has been acquired, avoid delving into the lower level details that originally justified it.
Experience with the current system suggests that previously learned schemas should be back boxes; materials used
here were sometimes glass box explanations, resulting in lower efficiency for the automated reader. Explanations
based on black box schemas should also be easier for human readers.
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APPENDIX 1

OPERATORS OF THE DOMAIN THEORY

Explanation of Prolog formulas used in the domain theory

Prolog Formulas Meanin

bcircuit(CircuitPath) Circuit Path is a biased circuit.
(see Section 4.3)

bcomp(Name.Type,List-of-Ports) There is a biased component with
name, type, and ports.

change(TrendQuantity) Quantity is changing as indicated
by Trend. Trend is either increase
or decrease.

oppchange(Trend2,Trendl) Trendl and Trend2 are opposite.
current(PI,P2) the current between points P1 and

P2
voltage(P1,P2) the voltage between points P1 and P2
resistance(PI,P2) the resistance between points P1 and

P2

Summary of operators

R-RES - The Resistor Rule (Ohm's Law):

A change in the current through a resistor causes the same
change (i.e. increase or decrease) in voltage across it.

If +(),

then +(v)

bcomp(R, resistor, [PlP2]),
change (C, current (P1, P2))

-> change (C, voltage (P1,P2)).

R-RV -The Resistance/Voltage Rule:

A change in the resistance of any component or subcircuit
causes the same change in voltage across it. unless the
component is connected in parallel with a voltage source
(battery), which would hold the voltage constant.
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If -(r),
then -(v)

bcomp (X, _,(P 1, P21)
change (C, resistance (21,22)),
not (bcomp(VS,voltagesource, (P1,P2]))

-> change (C,voltage (P1,P2)).

R-CHOKE - Changing Resistance in a Series:

A change in the resistance of one series element causes an
opposite change in the current through each of the elements.

If -(rB),A
trien -(1A),

-(I)'

bcomp(X, _, [Pl,P2]),
change (C, resistance (P1,22)),
circuit (Circuit Path),
member([P1,P2] ,CircuitPath),
member((P3,P4] ,CircuitPath),
opp change (C, OC)

-> change(OC,current(P3,P4)).

R-COMPV - Compensating Voltage Changes 1:

A change in the voltage across one half of a voltage
divider causes an opposite change in the voltage
across the other half if the voltage divider is connected
in parallel with a fixed voltage source.

I (vVA),

then -(v83)

bconip(VSPL, voltage -divider, (HI,MID,LO]),
bcomp(VSRC,voltage s ource, (HI,LO]),
change (C, voltage (HI, MID)),
not (change (C, voltage (HI, LO))),
opp change (C, OC),

-> change(OC,voltage(IID,LO)).

-similarly for change(C,voltage(MID,LO))
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R-COMPV - Compensating Voltage Changes T1:

A change in the voltage across one half of a voltage
divider causes an opposite change in the voltage
across the other half if the voltage divider is connected
in parallel with a "fixed" voltage source. This can be true

even when voltage across the source is changing, provided
the change within the voltage divider is greater.

If -(vvs),
- (v A),

*(vA) > *(vVS),
then -(vB)

bcomp (VSPL, voltagedivider, [HI,MID, LO]),
bcomp(VSRC,voltage source, [HI,LOI),
change (C, voltage (HI,MID)),
change (C, voltage (HI, LO)),
greater (change (C, voltage (HI,MID)), change (C, voltage (HI, LO))),
opp change (C, OC),

-> change (OC,voltage (MID, LO)).

- similarly for change(Cvoltage(MID.LO))

R-VDIV -The Voltage Divider Rule:

A change in voltage between the outer terminals of a voltage
divider causes the same change in voltage across each half.

If -(VC), A 1
then -(vA), vC

+(vB)

bcomp(VSPL,voltage divider, [HI,MID,LO]),
change (C, voltage (HI, LO))

-> change (C, voltage (HI,MID)).
- similarly for change(C,voltage(MID,LO))

R-TUBE - The Vacuum Tube Rule:

A change in grid voltage causes an opposite change in the
tube's resistance. The second change is proportionally greater

than the first, i.e. the tube amplifies.
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If *(VGC),
then -r(PC), G
-(rD)C) > -(vGC)

C

bcomp (VT, vacuum-tube, fPLATE,GRID,CATHODED),
change (C, voltage (GRID, CATHODE)),
opp change (C, OC),

-> change (OC, resistance (PLATE,CATHODE))
greater (change (OC, resistance (PLATE, CATHODE))),

change (C, voltage (GRID, CATHODE))).

R-LOAD The Load/Current Rule

A change in current through the load causes an opposite
change in voltage across it.

then -(v)

bcomp(L, load, (PJ.,P2J),
change (C, current (P1,P2)),
opp-change (C, OC)

-> change(OC,voltage(Pl,P2)).

R-REGTUBE The Regulator Tube Rule

A change in current through a regulator tube causes an
opposite change in its resistance.

I f + (V),
trien -(r)

bcomp(L,requlator -tube, [PLATE,CATHODEJ),
change (C, voltage (PLATE,CATHODE)),

opp change (C, OC),
-> change (OC, zesistance (PLATE, CATHODE)).
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APPENDIX 2
THE READINGS - TEXT AND PROPOSITIONS

READING 1. REGULATOR TUBE CIRCUIT (REG)

V5

vOut

REG1.
If the load current increases, the voltage across the tube (Voutput) will start to
decrease, which immediately increases the resistance of the tube, bringing Voutput back
up. Therefore, in this circuit, Voutput is the same regardless of the fluctuation in
Vsource or the load current.

change(increase,curr(loada,loadb, [[load,loada,loadb]]))]
change (decrease,vage (rtplate, rtcathode))

change (increase, resistance (rtplate, rtcathode, [ [rt, rtplate, rtcathodel 1))
change (increase, vage (loada, loadb))

constant (rage (loada, loadb))

REG2.
Likewise, if Vsource goes up, the voltage across the tube (Voutput) will also start to
increase. However, the resistance in the tube immediately decreases, which brings down
Voutput.

change(increase,vage (vspos,ground))

change (increase,vage (rtplate, rtcathode))

change(decrease,resistance(rtplate,rtcathode, [ rt,rtplate, rtcathode] ))

change (decrease, vage (loada, ground))

REG3.
Conversely, if Vsource drops, the resistance in the tube goes up, which brings up
Voutput.

change (decrease, vage (vapos, ground))
change(increase, resistance (rtplate, rtcathode, (rt, rtplate,rtcathodel I))

change (increase, vage (loada, ground))
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READING 2. SERIES TUBE CONTROLLER CIRCUIT (SER)

V50urce

V

LOAD

SERI.
If Vinput increases, the grid of T becomes less negative and so the resistance of T
decreases causing Voutput and the current through the load to increase.

change (increase, vage (stc-in, ground))

change (increase,vage(stc in, ground))

change (decrease, resistance (triplate, tricathode,

[[,triplate,tricathode]]))

and ((change (increase, vage (loada, ground)),

change (increase,curr(loada,loadb, ([load,loada,loadb]]))])

SER2.
Likewise, if Vinput decreases, the resistance of T increases, and Voutput decreases. Thus.
the input voltage controls the output voltage.

change (decrease, vage (stc in, ground))

change (increase, resistance (triplate, tricathode,

[[,triplate,tricathode] j))
change (decrease, vage (loada, ground))

READING 3. TRIODE AMPLIFIER (AMP)

T Vouru

V~nu
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AMPI.
When Vinput is increased, the grid in the tube becomes less negative, which lowers
the resistance of the tube. This causes Voutput to drop.

change(increase,vage(anp-in,ground))

change (increase, vage (tri grid, ground))

change (decrease, resistance (tri plate. tri_cathode,

[((,tripate,tri -cathode]]))
change (decrease,vage (amp_out,ground))

AMP2.
If Vinput decreases, the grid becomes more negative, and the tube's resistance increases,
so Voutput rises. Thus the output voltage changes in the opposite direction as the input
voltage. Because a small change in grid voltage can produce a large change in the tube
ciunrent, the change in Voutput is very much larger than the change in Vinput. so this
circuit is said to amplify the inpuL

change (decrease, vage (amp in, ground))

change (decrease, vage (tri grid, ground))

change (increase, resistance (triplate, tri cathode,

[,tripate,tri_cathode]]))

change (increase,vage (amp-out. ground))

and ([produces (change (Cl, vage (amp in, ground)),

change (C2, curr (tri-plate, tri-cathode,

[[tri,triplate,tri -cathode]]))),

large (change (C2, curr (triplate, tri -cathode,

([tri,triplate,tri-cathode]]))),

greater (change (C3 ,vage (amp out, ground)),

change (Cl,vage (amp_in,ground)) ) )

READING 4. CATHODE BIAS AMPLIFIER (CAMP)

CAMP.c
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When Vinput increases, Voutput drops. The change in Voutput is larger than the change in VinpUL The value of R2 is chosen so
that the voltage at the cathode is positive with respect to ground by a number of volts greater than the highest positive value of

the input voltage. Thus the grid will always be negative relative to the cathode.

change (increase, vage (ampin, ground))

and([change (decrease,vage (amp_outground)),

greater (change (CI,vage (ampout,ground)),

change (C2, vage (ampin, ground))),

higherv (tri cathode,ground)])

READING 5. TWO-STAGE TRIODE AMPLIFIER (TAMP)

TAM.

chang e dceae

R2

,1; 7 R1

Z;7 R4

R3

TAMP.
If the input signal Vinput. increases. the resistance ofTI derass and the voltage on the plate of T1 goes down. This causes

the resistane ofT to inease cawing the output voltage, Voutpt. to ine. The chatges in pla voltage of T1 are much
greater than the changes in Vinput and the changes in plate voltage ofT72 are even great. Thus the total amplification effect is
much greater than for a single triode.

change (increase, rage (amp-in, ground) )
change (decrease,

resistance(tri plate,tri_cathode, [[_,tri_plate, tri cathode]]))

change (decrease, vage (tri plate, ground))

change (increase, resistance (tri2_plate, tri2_cathode,
((_,tri2_plate,tri2 cathode]]))

change (increase, vage (amp out, ground))

greater (change (Cl, vage (triplate, ground)),

change (C2, vage (amp_in, ground)))
greater (change (C3, vage (tri2_plate, ground)),

change (C2,vage (ampin,ground)))
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READING 6. VOLTAGE REGULATOR (VR)

+

Vsource

T2

VR1.
If more current begins to flow through the load, the output voltage begins to decrease. This makes the voltage on the grid of TI
more negative relative to the cathode causing less current to flow through T1. The grid of T2 then becomes less negative,
decreasing the resistance of T., and thus keeping the output voltage the same.

change (increase, curr (loada, loadb, ((load, loada, loadbl 1))
change (decrease,vage (loada,ground))
change (decrease, vage (tri grid, ground))

change (decrease,

curr(triplate,tricathode, [( ,tri plate,tricathode]]))

change (increase, vage(tri2 grid, ground))

change (decrease,
resistance(tri2_plate,tri2_cathode, [[_,tri2_plate,tri2_cathode]]))

constant (vage (loada, ground))

VR2.
Notice that if the source voltage decreases, the voltage on the grid of TI will also decrease, but zo will the voltage on the cathodc
of T1. The voltage on the grid of TI relative to the T1 cathode stays constant Therefore, the current through T1 will remain
constant and the resistance of T2 wilt also remain constant. Since the source voltage has decreased, and the resistance of T2 is
the same, the output voltage will stay decreased. So this circuit does not compensate for changes in source voltage.

change (decrease, vage (vs-pos, ground))

change (decrease, vage (tri grid, ground))

change (decrease, vage (tricathode,ground))
not (change (decrease, vage (tri-grid,tricathode)))

not (change (increase,vage(trigrid, tri cathode)))

not (change (decrease,

curr (triplate, tri cathode, ((_,triplate,tricathode]])))

not (change (increase,
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curr (tri plate, tri_cathode, ([_, tri~plate, tri-cathode]])))
not (change (increase,

resistance(tri2_plate,tri2_cathode,[E E,tri2_plate,tri2_cathode])))
not (change (increase,

resistance(tri2_plate,tri2_-cathode, [[_,tri2_plate,tri2_cathode]]))))

change 'decrease,vage (vspos,ground))

not (change (increase,

resistance(tri2_plate,tri2_cathode), [(_,tri2_plate,tri2_cathode] I))
not (change (increase,

resistance(tri2_plate,tri2_cathode), ((_,tri2_plate,tri2_cathode]]))

not (change (increase,vage (load-a,ground)))

READING 7. STABILIZED VOLTAGE REGULATOR (SVR)

R 3

SVR2.
If the source voltage decreases the output voltage and the voltage on the grid of TI will start to decrease. However, the voltage
on the cathode of TI is kept constant by the voltage regulator tube Tr. Thus, the grid of TI will become more negative relative to
thecathode, causing the grid of T2 to become less negative, and the Output Voltage to remain constant.

change (decrease, vage (vspos, ground))

change (decrease, vage (loada, ground))
change (decrease, vage (tri grid, ground))

constant (vage (tri_cathode, ground))

change(decreae,vagetrigrid,tri -cathode))

change(increase,vage(tri2_grid,ground))

constant (vage (lcada,ground))
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APPENDIX 3

THE CIRCUITS REPRESENTED AS PROPOSITIONS

Regulator Tube Circuit

comp(pr,resistor, [pra,prbfl,

conn(pra,vs-w),

conn (prb, output w),

comp(rt,volt_reg_tube, [rtplate,rtcathode]),

conn (rtplate, output-w),

conn (rtcathode, ground-w),

comp(load, load, (loada~loadb]),

conn (loada, output w),

conn (loadb, ground -w),

conp (vs. voltage source, Evspos, vsneg,vsmaxJ),

conn(vspos,vs-w),

conn (vs neg, ground w),

status (vs,on),

conn (ground -w,g round),

conn(source,vs w),

conn (output,output-w),

i sa (vs-w, wire) ,

isa (output w, wire),
isa (ground -w, wire),
new-device-coznponent(pr),

new-device_component (rt)

Series Tube Controller

comp(tri,triode, [triplate,tricathode,trigrid]),

conn(triplate,vs -w),

conn (trigrid, input w),

conn(tricathode,output_w),

comp(load,load, (loada,loadb]),

conn (loada, output -w),

conn (loadb, ground-ii),

comp(vs,voltage source, [vspos,vsneg,vsmax]),

conn(vspos,vs -W),

conn (vsneg, ground-w),

status (vs,on),

conn (ground w,ground),

conn(stc -in,input -w),

conn (stc out, output_w),

isa(vs-w,wire),

isa (input -w,wire),

isa (output_w,wire),
i sa (ground-w, wire) ,
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new-device-component(tri),

new device component (load)

Triode Amplifier

comp(r,resistor, (r-a,r-bi),

conn(r -a~vs-w),

conn(r_b,output -w),

comp(tri.,triode, ftriplate,tri cathode,tri grid]),

conn (triplate, output -w),

conn(tri-grid,input -W),

conn(tri -cathode,ground-w),

comp (vs,Voltage _source, [Vsy.OS,vs-neg,vsmaxJ),

conn(Vspos,Vs -W),

conn(vs-neg,ground_w),

status(vs,on),

conn (ground -w, ground),

conn (amp_in, input -w),

conn (amp__out,outputw),

isa (vs-w, wire),

isa (input -w,wire),

'~sa (output -w, wire),
isa (ground -w, wire),
new-device-component (r),

new-device-component (tri)

Cathode Bias Amplifier

comp (pr, resistor, fpr__a, prb]),

conn(pr_a,vs -w),

conn (pr-b,output -W),

comp(tri,triode, [tri plate,tri cathode,tri grid]),

conn(tri_plate,output w),

conn(tri_grid,input -w),

conn(tri -cathode,bias-w),

comp(br,resistor, (br a,br b)),

conn(br a,bias w),

conn(br b,ground -w),

comp(Vs,voltage_source, (vspos,vsneg,vsiax]),

conn(vsypos,vs_w),

conn(vs -neg,ground-w),

status (vs,on),

conn (ground -w, ground),

conn (amp_in, input -w),

conn (amp-out,output-w),

isa (vs-w, wire) ,

isa (input -w, wire),

isa (output-w, wire),
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isa (ground w,wire),
isa(bias W,wire),
new-device_component (pr),
new-device-cornponent(tri),

new-device_component (br)

Two-Stage Amplifier

comp (pr, resistor, (pr a, pr b]),

conn(pr -a,vs -w),

coflfl(pr_b~input2 -w),

comp(tri~triode, (triplate,tri cathode,tri grid]),

conn (triplate, input2_w),

conn(tri_grid,input -w),

conn(tri -cathode,bia3-w),

comp(br,resistor, [br_a,br-bi),

conn(br a~bias w),

conn(br b,ground -w),

comp(pr2,resistor,(pr2_a,pr2_bfl,

conn(pr2_a,vs -w),

conn (pr2-b, output w),

comp(tri2,triode, Etri2_plate,tri2_cathode,tri2_grid]),

conn (tri2yplate,outputw),

conn (tri2_grid, input2_-w),

conn(tri2_-cathode~bias2_w),

comp(br2,resistorj(br2_-a,br2_b]l,

conn(br2_a,bias2_-w),

conn(br2_b,ground_w),

cornp(v3,voltage_source, (vs-poa,vs-neg,vsmax]),

conn(vspos,vs_w),

conn(vs -neg,ground-w),

status (vs,on),

conn (ground -w, ground),

conn(source,vs w),

conn (amp-in, input w),

conn (amp_out, output w),

i sa (vs-w, wire) ,

isa (input_w,wire),

isa (input2_-w,wire),

isa (output-w,wire),

i sa (ground w, wire),

isa(bias w,wire),

isa(bias2 w,wire)
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Voltage Regulator

comp(pr,resistor, [pr_a,pr-bjl,

conn(pr -a,vs W),

conn (pr_b ,input2 w),

comp(tri,triode, [tri plate,tri cathode,tri_grid]),

conn(tri_plate,input2_w),

conn(tri-grid,input-w),

conn(tri -cathode,bias-w),

comp(br,resistor,(br-a,br-b]),

conn(br a,bias w),

conn(br -b,ground -w),

comp (vs,voltage source, [vs_,pos, vs-neg,vsmax]),

conn(vsypos,vs -W),

conn(vs-neg,ground -w),

comp(tri2,triode, [tri2_plate,tri2 cathode,tri2_grid]),

conn(tri2_plate,vs -w),

conn (tri2_grid, input2_-w),

conn(tri2_cathode,output-w),

comp(po,potentiometer, (poa,pob,poc]),

conn (poa, output w),

conn (pob, input -w),

conn(poc,ground-w),

comp(load,load, [loada,loadb]),

conn (loada, output -w),

conn (loadb, ground w),

status (vs,on),
conn (ground w, ground),

conn (output,output -w),

conn(source,vs w),

i sa (vs-w, wire) ,

isa (input -w,wire),

isa (input2_w, wire),

isa (output_w, wire),

isa (ground -w, wire),
isa (bias w,wire),
new-device-component(pr),
new-device-component(tri),
new -device-component (br),
new-device-component (tri2),
new-device_component (p0),

new device-component (load)
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Stabilized Voltage Regulator

ccmp(pr,resistor, [pr a,pr b]),

conn(pr-a,vs-w),

conn (pr -b, input2_w),

comp (tri,triode, (tri_plate,tri-cathode,tri_grid]),

conn (tri plate, input2_w),

conn(tri_grid,input -w),

conn(tri -cathode,bias-w),

comp(tri2,triode, [tri2_plate,tri2 cathode,tri2_grid]),

conn (tri2_plate,v vsw),

conn(tri2_grid, input2_-w),

conn(trj2_-cathode,output-w),

conip(po,potentiometer. (poa,pob,poc]),

conn%'poa,output-w),

conn (pob, input -w),

conn (poc, ground -w),

comp(rcr,resistor, Ertr-a, rtr-bi),

conn(rtr-a,vs-w),

conri(rtr b,bias w),

comp(r-t,volt reg__tube, (rtplate, rtcathode]),

con-i(rtplate, bias -w),

conr-(rt cathode, ground-w),

comp( Ys,voltage source, (vs pos,vs_neg,vsmax]),

cor', (vspos,vs-w),

coni (vs-neg,ground-w),

comf,.oad,load, [loada,loadbj),

conns(loada, output w),

corn(loadb,ground-w),

statLs(vs,on),

conn-ground -w, ground),

conn output,output -w),

conn source'vs w),

isa (vs-w,wire) ,

isa nput -w,wire),

isa(.-nput2_w,wire),

isa(',utput w,wire),

isa( round w,wire),

isa( dias-w, wire)
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